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Many theorists suggest that the concentration of human capital in a region
helps improve productivity for firms and individuals by creating social learning
chances for workers. Such human capital spillovers can generate innovations and new
ideas which are the driving forces for sustainable long-term growth. My dissertation
provides systematic empirical evidence for human capital spillovers using micro-level
data from China.
In chapter 1, I provide motivation, a discussion of identification challenges, a
literature review on human capital spillovers, a description of the data used in my
dissertation, a description of the Chinese economy, and a preview of my identification
strategies and findings.
In chapter 2, I investigate the effect of aggregate human capital on productivity
in an indirect way. I compare the wages of otherwise similar individuals that live
in cities with different level of college share. The resulting estimates indicate that
workers working in cities with higher human capital do have higher wages than
otherwise similar workers in cities with lower human capital. Interestingly, I find
that both skilled and unskilled workers benefit from the increase in human capital,
but unskilled workers benefit more than skilled workers. This is may be due to
imperfect substitution between skilled and unskilled workers.
In chapter 3, I take a constant-composition approach, which in theory sepa-
rates imperfect substitution effect from spillovers by holding the skill composition in
the workforce constant, to further investigate the existence and magnitude of human
capital spillovers. The results show that the relationship between workers’ wages
and city-level human capital remains positive and statistically significant. The es-
timates from individual wage data indicate that a one percentage point increase in
the share of college-educated workers in the population is associated with a 1.4 to
3.6 percent increase in wages.
In chapter 4, I take a direct approach to estimate the impact of aggregate
human capital on productivity. Specifically, I apply a first differenced instrumental
variable model to a balanced firm panel data to study the impact of an increase in
the share of college-educated workers on firms’ total factor productivity (TFP). I
find that one percentage point increase in college share in a city increases firms’ TFP
by 0.8 to 2.1 percent. Private firms are more responsive to overall human capital
than state firms, and the human capital spillovers are stronger in denser and larger
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Economic growth is one of the most important topics in economics. In his sem-
inal model Solow (1956) provides the following important insight: in the long run,
economic growth must come from technological progress instead of capital accumu-
lation. In the Solow model, the technological progress is exogenously given. Though
it is known that human capital plays a central role in the process of generating new
ideas and innovation, human capital is not considered in the growth models until
Romer (1990) who explicitly puts human capital as one of the key factors affecting
the technological change. Romer (1990) argues that cities with higher human cap-
ital grow faster. Romer’s core insight is that ideas are non-rival, one person’s use
of the oral rehydration therapy (Romer’s favorite example) would not reduce such
therapy available to other people to use to save lives of children with diarrhea.
As a result, the non-rivalry of human capital leads to human capital spillovers.
That is, the presence of skilled workers makes other workers more productive be-
cause workers can learn from each other through social interactions among them.
Ellison and Glaeser (1997) and Jovanovic and Rob (1989) build their growth mod-
els by assuming that individuals augment their human capital through pairwise
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meetings with more skilled neighbors at which they exchange ideas.1 Lucas (1988)
suggests that human capital spillovers may help explain the long-run differences in
the economic performance of countries.
Whether human capital spillovers can be regarded as a major driver of macroe-
conomic performance is ultimately a quantitative question(Chang et al., 2016). My
dissertation is an attempt to provide systematic empirical evidence for the existence
of human capital spillovers using data from China.
In the literature, most of the evidence on the human capital spillovers is based
on models that regress workers’ wage or firms’ output on measures of the aggregate
stock of human capital which is either average years of schooling or the percent
of individuals with a college degree in a city, controlling individual human capital
or firm human capital. The identification comes from the comparison of wages or
outputs for otherwise similar individuals or firms in cities with different aggregate
human capital. 
1.2 Identification Challenges
The issue of omitted relevant variables is probably the most important empir-
ical challenge facing researchers in the area of human capital spillovers. In a simple
OLS estimation, the presence of unobservable factors that are correlated with ag-
1Human capital spillovers could also arise when firms find it profitable to invest in new technolo-
gies only when there is a sufficient supply of trained workers to allow for normal turnover, that is,
more educated workers in the economy increases the willingness of firms to invest in productivity
improving technologies (Acemoglu and Angrist, 2001). In addition, high human capital may have
non-monetary benefits as well, such as increasing civil participation and reducing crime (Lochner
and Moretti, 2004).
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gregate human capital, workers’ wages and firms’ productivity will likely bias the
estimates of human capital spillovers.
Cities differ from each other in many ways, such as institution, infrastructure,
industry structure, amenities, geographic location, natural resources, and population
composition. Most of these characteristics are not observable to econometricians.
Cities with advantages in these factors could lead to higher productivities for both
firms and workers. As a consequence, firms would be able to pay higher wages which
could attract a very skilled workforce to these cities. Software developers tend to
move to Silicon Valley in the U.S., Chinese college graduates tend to go to big cities
in China such as Beijing and Shanghai. In such case, it is better wages that cause
an increase in human capital, not the other way around.
Moreover, workers could sort themselves into cities with different aggregate
human capital based on their unobservable ability. It is possible that workers with
higher unobservable ability move to cities with higher aggregate human capital.
Comparing wages of workers with identical observable characteristics but different
unobservable ability living in cities with different aggregate human capital could
lead to an upward biased estimate of spillovers. The opposite may also be true
that workers with lower unobservable ability may move to cities with higher human
capital as these cities often have a thicker labor market and these workers may find
jobs that they may not find in cities with lower human capital. In this case, the
spillovers would bias downward.
Similarly, firms tend to choose places where they could have a good match
between their cost function and city characteristics. Firms that in nature are more
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productive and require a more educated workforce would choose to locate in cities
with more educated workers. For example, software development companies tend
to locate in Silicon Valley where a well-educated workforce is available. On the
contrary, firms that are less productive and need less educated workers would locate
in cities with lower human capital.
In reality, it is common for us to observe that wages for workers are higher
in cities with a well-educated labor force than cities with a less-educated labor
force and more productive firms are located in cities with higher aggregate human
capital. Therefore, it is very crucial to address this endogeneity issue caused by
omitted variables to obtain credible estimates for human capital spillovers.
1.3 Literature Review
In this literature, the way to deal with such endogeneity is context-specific and
relies on the relevant data. Rauch (1993) is among the first to empirically estimate
human capital spillovers. He uses 1980 census data of the U.S. and assumes average
schooling is historically predetermined. So, the endogenity problem is ignored in
his study. Rauch finds a significant effect of the increase in average years of edu-
cation in a city on individual wages controlling for individual education and other
characteristics.
Acemoglu and Angrist (2001) instrument for the average schooling with the
state variation in compulsory attendance laws and child labor laws and they find
their estimate of human capital externalities close to zero, while they have positive
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and significant spillovers in their OLS estimation. This may be due to the fact that
their instruments only identify the exogenous variation of education in the lower tail
of its distribution, while the benefits of the spillover are in the form of technological
progress and higher productivity which is more likely to come from higher education.
Moretti (2004b) uses the share of college-educated workers as a measure of the
average human capital and he instruments for the college share with the (lagged)
demographic structure and the presence of land-grant universities in a city. He finds
that one percentage point increase in college share raises the wages of workers by
about 0.4 to 1.9 percent. Using plant-level data of ten years apart, Moretti (2004c)
finds one point increase in college share is associated with a 0.5-0.6 percentage point
increase in output. In his research, Moretti (2004c) takes an instrumental variable
approach and uses the fraction of large plant openings among all the plant openings
in a city excluding the relevant 3-digit industry as an instrument for college share
in other industries, and he finds the spillovers effect using plant-level data is similar
to what he obtained from individual-level data. Ciccone and Peri (2006) apply the
constant-composition approach to U.S. census data between 1970 and 1990 but their
estimation yields no evidence of significant average-schooling externalities.
Liu (2007) uses a cross-sectional data from 1995 China Household Income
Project to estimate the external returns to education. Similar to Acemoglu and
Angrist (2001), Liu uses the compulsory education law in China to deal with the
endogenous average schooling of cities. Since the information on the timing of
the compulsory education law across cities is not available, Liu assigns each city
5
into one of three categories based on their ranking in the administrative hierarchy2
assuming cities with higher ranking complied with the law quicker. Liu finds a
one-year increase in city average education could increase individual earnings by
between 11 and 13%. Using a panel of Chinese manufacturing firms from 1995 to
1999, Liu (2014) finds a positive and statistically significant relationship between
firm productivity and city-level human capital. His main results are derived from a
firm fixed effects model. The city-level average schooling in his study is computed
with individual data from the urban household survey of the same period. One
drawback of this measure of human capital is that this survey only covers urban
households and may not provide an accurate description of city level average human
capital.
Liang et al. (2016) estimate external returns to education using China Urban
Household Survey data 1993, 1995 and 1997 with city fixed effect which controls
for city-level unobservable factors that correlate with both the city-level average
schooling and wages of workers at the same time. They use the number of college
students in the city as an instrument for college share. Their fixed-effects estimates
show a one-year increase in city average education could increase individual earnings
between 7.3% and 8.9% and their IV estimate indicates a 7.6% increase in wages.
Liang et al. (2016) also uses China Health and Nutrition Survey data (a panel
conducted in 1989 to 2006 in every two to four years) for the estimation and they
find a one year increase in average education of a city rises average wage by 8% to
2At the top of the city hierarchy is the city of Beijing-the nation’s capital. Provincial capitals
consist of the city centers at the second level, followed by prefecture-level cities, county-level cities,
and rural towns
6
9% using individual fixed effects and city fixed effects respectively.
1.4 Data Used in the Dissertation
It is not until recent decades that micro-level data in China become increas-
ingly available to researchers. I conduct the empirical investigations of human cap-
ital spillovers using both individual-level and firm-level data from China.
To study human capital spillovers from workers’ perspective, I use two data sets
from two different household surveys. The first one is the China Household Income
Project (CHIP). Five waves of the CHIP surveys have been conducted in 1989, 1996,
2003, 2008 and 2014 collecting household and individual information on income,
expenditure and other social demographic variables in great details for the year of
1988, 1995, 2002, 2007 and 2013. They are called CHIP1988, CHIP1995, CHIP2002,
CHIP2007, and CHIP2013 officially. These surveys were carried out as part of
a collaborative research project on incomes and inequality in China organized by
Chinese and international researchers, with assistance from the National Bureau of
Statistics. Many studies using this data set have been published since the emergence
of this data3.
Another individual-level data is from China Urban Household Survey con-
ducted by NBS from 2002 to 2009 to monitor the performance of the Chinese econ-
omy at the household level. Both of the two individual-level data sets contain rich
information of individuals ranging from their demographic information to their em-
ployment and income information. Most importantly, these two data sets reveal the
3For more detailed information, please visit http://ciid.bnu.edu.cn/chip/index.asp?lang=EN
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national standard code of cities that individuals resided at the time of the surveys
which allows me to study human capital spillovers at the city level. To my best
knowledge, the two data sets are the only micro data in China that permit general
researchers to access geographic location of individuals at the city level.
A panel data of manufacturing firms from China’s Annual Survey of Industrial
Enterprises (ASIE) is used to study the effect of aggregate human capital on firm
productivity. This survey is conducted by the National Bureau of Statistics annually
since 1998. It covers a large number of questions￿such as products produced, total
assets, investment, salary expense, insurance, sales, employment, taxes and so forth.
In total, there are more than 100 variables in the data set are available, making the
ASIE the most comprehensive and detailed database of domestic and foreign firms
operating in China (He et al., 2018). In my study, I use firm data from 2001 and
2011 to match to the college share derived from the population census of 2000 and
2010. Along with other city-level information from China’s city yearbook, I have
been able to estimate the effect of city-level human capital on firms’ total factor
productivity.
1.5 Why China?
Close-to-double-digit growth in the last four decades gains China the praise of
growth miracle, as well as draws great research interests from all over the world. One
of the important questions is to identify the sources of China’s economic growth.
another question is whether such substantial growth is sustainable.
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Researchers generally believe that China’s economic growth is largely labor-
intensive, and relies on high fixed capital investment (Chow, 1993; Amsden et al.,
1996; Arayama and Miyoshi, 2004). If this is the whole story, China’s growth pattern
faces a limit as its population age and the level of capital investment has reached
high.
Alternatively, endogenous growth theory shows that a high social human capi-
tal sustains economic growth by continuously generating new ideas and productivity-
enhancing technological innovations (Romer, 1990). As a consequence, more out-
puts can result from the same inputs. In this sense, human capital is input and
productivity-enhancing rather than just an input.
China’s rapid economic growth and its major educational expansion since 1999
(college enrollment in China increase fivefold between 1997 and 2007) provide a
great opportunity to empirically investigate the role of human capital in economic
development at the micro level.
Figure .1 shows the new college enrollment in China from 1958 to 2012 has in-
creased dramatically. The number of new college enrollments before 1977 is missing
and presumably very low because universities in China were paralyzed and disrupted
during the Great Cultural Revolution (1967 - 1977) and other political movements.
Only a small number of individuals who were supposed to go to college before 1977
(theoretical college entering age is 18 years old) actually went to college and the
college share for them is below 5%. The years between 1977 and 1998 saw an in-
creasing expansion in higher education, new college enrollments increased from 0.27
million in 1977 to 1.08 million in 1998. In 1999 the Chinese government made a
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strategic decision to expand higher education and the number of new students ad-
mitted to college increased by more than 40% in 1999 and the expansion continued
in subsequent years. By the year 2012, new college enrollments reached 6.85 million
and the total enrollments became 25.36 million which made China the country with
the largest college student population.
Similar to China, in the past decades, we have observed many other countries
expand their education system in a dramatic way as well. Between 1990 and 2010,
the number of students in tertiary education per 100,000 people has tripled in Brazil,
India, and Russia(Carnoy et al., 2013). Therefore, Finding empirical evidence of
human capital spillovers from higher education could also provide important insights
for development policies in other emerging markets.
1.6 Identification Strategies and Findings
In my dissertation, I first investigate the existence and magnitude of human
capital spillovers using wage data of individual workers. If human capital spillovers
exist, we expect to observe that individuals will have higher wages in cities with
higher human capital than their counterparts in cities with lower human capital
assuming firms award workers according to their marginal productivity. Then I
study human capital spillovers using firm-level data. If aggregate human capital
indeed increases productivity as my first investigation shows, we should observe that
firms in cities with more well-educated labor force will have higher productivity than
firms in cities with less-educated labor force after controlling firm-level and city-level
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factors that affect firm productivity and college share. The estimations from these
two perspectives as a whole provide a complete picture for human capital spillovers.
In both cases, the endogeneity of college share is the central issue that deserves
special attention. I implemented several different approaches to provide identifica-
tions to the estimation of human capital spillovers.
For the human capital spillovers estimation with individual wage data from
China Household Income Project in 1988, 1995, 2002, 2007 and 2013, I use a sim-
ulated college share as the instrument for the observed college share. The idea is
that workers could sort themselves into different cities according to their own un-
observable characteristics and unobservable city factors which lead to biases in our
estimation. If workers didn’t move across cities, then the human capital spillovers
can be identified. Using population census data from 2005, I simulate the counter-
factual college share for cities in the years of study by assuming no movement of
workers has happened across cities over time. Together with the city fixed effects,
which weep away any city-level permanent factors that may be correlated with both
wages and college share, I find that one percentage point increase in college share
will increase wages for workers by 1.4 percent.
If there exists the imperfect substitution between skilled and unskilled workers,
the wage model may not be able to provide a good estimate for human capital
spillovers (Moretti, 2004b; Ciccone and Peri, 2006). To mitigate this concern, I
implement the constant-composition approach proposed by Ciccone and Peri (2006)
with a repeated cross section data from China Urban Household Survey. In this
approach, human capital spillover effect is obtained by regressing the weighted city-
11
level average wages on average schooling. The weighted city-level average wages
are calculated by multiplying city-year-education group specific average wage with
the relative size of each group in a base year. The intuition is that holding the
relative size of each skill group constant separates complementarity from spillovers.
Through this approach, I find that one percentage point increase in college share
increase wages by 3.6 percent.
To provide a direct estimate of the effect of aggregate human capital on pro-
ductivity, I compare the TFP of otherwise similar firms that locate in cities with
different college share. I use both fixed effects and instrumental variable approaches
to establish a causal relationship between firm productivity and college share. The
panel feature of this firm data allows me to eliminate any unobservable firm-level
and city-level factors affecting both firm productivity and college share that would
bias my estimation of human capital spillovers. The instrument that I implement
is from an unexpected historical event of academic departments relocation across
cities in China in the 1950s. Specifically, I use the net number of departments that
moved into a city in the 1950s as the instrument for the changes in college share
in 2000s. The idea is that this historical event that relocated higher education re-
sources such as faculties, students, libraries and equipments has a significant impact
on the availability of higher education for the cities where departments have moved
and this impact lasts a very long time, because the moved-in departments serve as
skilled labor force generators which keep producing new college graduates for these
cities. This relocation has occurred largely due to political concerns of the Chinese
government in the 1950s and it has little to do with the factors that affect firm pro-
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ductivity in the 2000s. I show that indeed the net number of relocated departments
is not correlated with infrastructure investment and per capita GDP in the 2000s.
The resulting estimates of human capital spillovers range from 0.8 percentage point
to 2.3 percentage point.
Though my instruments are not flawless and the identification in the estima-
tion of human capital spillovers remains a challenge, different approaches in my
study arrive at similar estimates for human capital spillovers. I believe my study
provides a plausible addition to the empirical literature of human capital spillovers.
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Chapter 2: Human Capital Spillovers: Evidence from Chinese House-
hold Survey Data
In this chapter, I investigate the existence and measure the magnitude of
human capital spillovers from the perspective of individual workers. Applying an
augmented Mincerian equation to the population census of 2005 in China and a
repeated cross-sectional data from China Household Income Project, I find that
one percentage point increase in the share college educated workers in a cities is
associated with a 1.4 percent increase in wages of workers.
2.1 Empirical Model For Wage Data of Individual Workers
The theory of human capital spillovers suggests that the presence of more
skilled workers makes all workers more productive. That is, if human capital
spillovers exists, we expect to observe that workers living in cities with higher hu-
man capital would have higher wages than similar workers who live in cities with
lower human capital.
Empirically, the human capital spillovers are estimated by regressing wages
for individuals on aggregate human capital, which is either measured as average
years of schooling or share of college-educated workers in the labor force, and other
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characteristics of individual workers and cities in the following equation:
log(wijt) = θSjt + αSijt + βZij + dj + dt + vjt + εijt (2.1)
where log(wijt) is the log wage of the individual i in city j at year t, Sjt is
the schooling level of the city j at year t, Sijt is the individual’s education level,
Zij represents other wage determinants of the individual, dj is the city fixed effect,
dt id the year fixed effect, vjt is the time-variant city variables that could affect
individuals’ wages, and εijt is the idiosyncratic error term. The parameter of interest
is θ. If there exist human capital spillovers, we anticipate θ is positive.
Though this augmented Mincerian equation is widely adopted in the literature
of human capital spillovers (Rauch, 1993; Acemoglu and Angrist, 2001; Moretti,
2004b; Liu, 2007; Liang et al., 2016), some concerns have been raised. For instance,
Moretti (2004b) argues that the existence of imperfect substitution between skilled
and unskilled workers can contaminate the spillover effects found in the Mincerian
model.
Moretti (2004b) assumes there is a Cobb-Douglas production technology em-
ploying unskilled workers (N0), skilled workers (N1) and capital (K) to produce




The share of more educated workers N1
N1+N0
represented by S affects output y through
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its influence on the productivity shifters:




where j=0, 1 represent unskilled and skilled workers respectively, and γ represents
the spillover effect.
In a competitive economy, wage is equal to marginal social product. Log-transforming
the partial derivatives of Equation 2.2 with respect to N1 and N0 yields:
• logw1 = ln(α1) + α1 log(θ1) + (1 − α1 − α0) log(K/N) + (α1 − 1) log(S) +
α0 log(θ0(1− S))
• logw0 = ln(α0) + α0 log(θ0) + (1− α1 − α0) log(K/N) + (α0 − 1) log(1− S) +
α1 log(θ1S)
Then, to understand how wages for skilled and unskilled workers change differently

















+ (α1 + α0)γ, (2.4)
where
• (α1 + α0)γ represents the spillover, and it is nonnegative which means both





1−S is the imperfect substitution effect for skilled workers and it is
negative. Combing with the spillover, wages of skilled workers may or may not
increase and it depends on the relative strength of the imperfect substitution





represents the imperfect substitution effect for unskilled workers and
it is positive. Combining with the spillover, wages of unskilled workers will
unambiguously increase with respect to college share increase.
The external return to education is defined as the difference between social
return and private return. Social return is the derivative of average wage with
respect to s, and private returns is logw1 − logw0 = β:
external returns = social returns− private returns = d log(w̄)
dS
− β (2.5)
where log(w̄) is the weighted average of log wages of the two groups, log(w̄) =
S log(w1) + (1− S) log(w0)(Moretti, 2004b). Equation 2.5 can be expressed as :
d log(w̄)
dS
− β = [S]d log(w1)
dS









The first term in Equation 2.6 is negative because the increase of the supply of skilled
workers drives down the private return to education. The second term is positive
because of the imperfect substitution between skilled and unskilled workers.




in Equation 2.3 and Equation 2.4,
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Equation 2.6 can be expressed as:
d log(w̄)
dS
− β = (1− S)α1 − Sα0
S(1− S)
+ (α1 + α0)γ (2.7)
From Equation 2.7, we observe that the external return has two parts: the im-
perfect substitution effect (first term) and the spillover effect (second term). When
γ = 0, the first term can still be positive. This means that in the augmented Mince-
rian approach the spillover effect is not separable from imperfect substitution effect.
That is, the θ from Equation 2.1 overstates the spillover effect. Nevertheless, this
approach provide a way to detect the existence of spillover effects by estimating
Equation 2.1 for skilled workers. Based on Equation 2.3, if the resulting estimate of
θ for skilled workers is positive, we can claim that the spillover effect indeed exists
and it is large enough to offset the negative supply effect of skilled workers. In
addition, the augmented Mincerian equation predicts that unskilled workers benefit
more from the increase in overall human capital than skilled workers since both the
imperfect substitution effect and the spillover effect are in their favor.
In the empirical section, I will using the augmented Mincerian equation to
estimate the external effects of human capital and investigate Moretti (2004b)’s
suggestion by testing these predictions.
2.2 Data
The main data I use in this study is the repeated cross sectional data from the
China Household Income Project (CHIP 1988, 1995, 2002, 2007 and 2013) and the
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20% of the 2005 population census of 1% sample in China.
The CHIP surveys are conducted by collaboration between the National Bu-
reau of Statistics, domestic and international researchers aiming to study the income
and inequality dynamics in China over time. It contains very detailed information
on income, employment and other social economic characteristics at both the indi-
vidual and the household levels. A probabilistic sampling and stratified multistage
approach has been adopted in the surveys to ensure the representativeness of the
data. CHIP data covers 65 cities and these cities appear in the survey at least two
years which allows me to implement city fixed effects models.
The 2005 population census data is a single cross section data. Unlike other
population census data in which income information is often not surveyed, this 2005
population census contains information on annual income of individuals. In addition,
it has the largest sample size among all the individual-level micro data available in
China. After excluding individuals with missing information on key variables such
as income and education, I end up with 312462 observations age between 16 and 60
years old.1 The large sample size not only gives a good estimate of the city-level
human capital to estimate human capital spillovers using the population census
itself, it also provides the instrument for the estimation using CHIP data. I will
explain this in detail in the identification section.
In this study, I use the share of college educated workers in each city as the
measure of the city-level human capital. An accurate computation of college share
is crucial for properly estimating the human capital spillovers. In the literature,
1The minimum age for working is 16, and the retirement age is 60 in China.
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aggregate human capital is often measured at metropolitan areas, while in China
cities, based on which aggregated data is assembled, often contains both metropoli-
tan areas and massive rural areas. For this reason, when it comes to the study of
urban China, researchers often choose to use population with urban household reg-
istration status to approximate the urban population. CHIP have two separate data
collections, one from rural areas and one from urban areas based on the definitions
given by National Bureau of Statistics. For the same reason, I use the CHIP data
collected in urban areas.
Table .1 reports the summary statistics for the 2005 inter-census data and the
CHIP data. All 345 cities in China are covered in the 2005 population census. There
are 65 cities appearing at least once in the repeated cross sectional CHIP data, and
wages are measured on a monthly basis.
2.3 Identification Strategies
The fundamental problem of the estimation of human capital spillovers with
the augmented Mincerian equation is the omission of relevant variables that could
affect both individual wages and city-level human capital. There are many unob-
servable factors of workers and cities can impact wages and at the same time affect
college share.
The first source of bias comes from time-invariant city specific omitted vari-
ables. Cities are different from each other in many aspects like geographic location,
industrial structure, technology, institution and amenities. City fixed effects using
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multiple years of data can control for any permanent city-specific omitted variables
that can lead to bias in analysis using a simple cross-sectional data. I include city
fixed effects in all my specifications using multiple years data.
The second source of bias is from time-variant unobservable shocks to cities
that are correlated with both wages and college share. For instance, the establish-
ment of a special economic zone in a city can attract both firms to invest more in
productivity improving technologies and highly educated workers to move to that
city. Positive demand shocks like this will lead to spurious correlation between col-
lege share and wages which biases the true effect of college share on wages. Note
that if variation in college share across cities is driven by unobserved supply factors,
OLS estimation is biased downward (Moretti, 2004b).
Individual level unobservable factors, like ability, is another omitted variable
that could also lead to biased estimates of external returns to higher education.
Individuals observed in cities with high college share may be better workers in
general than workers with the same observable characteristics in cities with low
college share. If a city with high college share rewards unobservable ability more
than a city with low college share, workers with similar observable characteristics
may decide to move to different cities based on their unobservables. For instance,
a lawyer in Beijing working for a foreign company is very likely different along
some unobservable dimensions from a layer in Datong of Shanxi. Therefore, the
unobservable individual ability could bias our estimates of external return to higher
education. Though I don’t have a panel data to directly control for the individual
unobservable ability, I take the advantage of the restrictive household registration
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system in China to investigate if the effect college share on wages for people who
never move is different from the overall effect.
To control for these omitted variable biases and spurious correlations, I use
instrumental variables that can predict college share but are not correlated with
unobservable factors. Each instrument variable corresponds to a specific data set.
2.3.1 Instrumental variable for the estimation using inter-census 2005
data
For the inter-census 2005, which is a cross-sectional data set, I use the presence
of elite universities in each city as the instrumental variable for college share. This
is inspired by Fan et al. (2015), but instead of looking at the number of universities
with special status at province level, I focus on the presence of elite universities
at the city level. Focusing on finer geographic units allows better identification of
human capital spillover since the main mechanism behind human capital spillovers
is the interactions among workers, which is more likely to occur at the city level
rather than the province level. In addition, narrowing down to city-level human
capital permits province fixed effects which further improve the estimates for hu-
man capital spillover effects. In 1995, the Central Government of China and the
Ministry of Education initiated the “211” project aiming at establishing about 100
high quality universities in 21st century in China by providing extensive finance and
policy support to the selected universities. Whether a university can be listed on
the “211” project is determined by its accumulated and existing good reputation.
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Most “211” universities have a history of over 100 years, and no universities with
less than 50 years of history were nominated (Fan et al., 2015). Thus, factors from
100 years ago that influence the accumulated quality and reputation of a university
potentially should have limited impact on workers’ wages in 2005, if any. But the
presence of the “211” universities has a big effect on the supply of college educated
workers since it makes universities more accessible to local high school students.
2.3.2 Instrumental variable for the estimation using the pooled cross-
sectional CHIP data
Though the extremely restrictive household registration system in China has
reduced population mobility and mitigated the concern for endogenous formation of
college share, we may still worry about the issue of endogeneity for college share for
workers of the latter years, since they are more likely to make migration decisions
in response to labor demands as the household registration system becomes less
restrictive over time.
To estimate the causal impacts of college share on wages with the pooled cross
sectional China Household Income Project (CHIP) data, I derive counterfactual
college share for each city in each year from the inter-census 2005 data and use this
derived college share as an instrument for the endogenous college share observed in
the CHIP data. Specifically, I consider workers age between 28 and 48 years old
in each of these survey years as people on the labor market. Then I find the same
cohort in the 2005 census data and use educational and geographic information
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of this cohort to simulate the counterfactual college share. For instance, to obtain
counterfactual college share in 2013, I use individuals age between 20 and 40 in 2005
(who would be 28 and 48 in 2013). People in this cohort may migrate across cities
from 2005 to 2013, but my simulation process assumes no migration, consequently,
the resulting counterfactual college share should be exogenous. The same procedure
is applied to simulate college share for other years.
Table .6 illustrates the process of deriving the counterfactual college share from
the inter-census 2005 data. The first column of Table .6 shows the years covered by
CHIP survey and the second column indicates the idea that workers age between
28 and 48 years in each year form the local labor markets. The third column of
Table .6 shows the ages of these cohorts in 2005. The fourth column of Table .6
reports the averages of the counterfactual college share derived from the external
data source in each survey year. It is clear that workers in early CHIP years worked
in an environment with less human capital around them (smaller college share) than
workers in later years. The last column of Table .6 shows the college entering year
(birth year plus 18) for individuals in each survey year. Note that all these numbers
are calculated using urban population only.
A concern is that the large wage increase in later years may merely reflect
the decrease of the supply of college educated workers due to the implementation
of one-child policy initiated in 1979 in China (cohorts born after 1979 form the
labor market in the later years of my study) rather than productivity improvement
from the increase of college share. Figure .2 shows the distribution of college and
non-college educated workers at national level and we see that for younger age
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groups the supply of college educated workers does not go down, instead, it increases
significantly, though the overall population of the younger age groups fall partially
due to one-child policy2.
Though the simulation process of the counterfactual college share is intuitive
when we simulate college share forward from 2005 for later years, and anything
that could lead to endogenous formation of college share at city-level is assumed
away, there may be a concern about the simulation of college share backward from
2005 to 1988. Because for early years, the simulated college share may reflect the
accumulated changes in college share up to 2005 due to the migration and it not
necessarily represents the exogenous college share we would like to have. However,
this is less of a concern thanks to the highly restrictive household registration system
(Hukou) in China which made migration out of someone’s Hukou registration place
extremely difficult, especially in the early years (the Hukou registration system
becomes less restrictive over time).
Table .7 shows the migration rate (across county, province and cross city)
for the years of CHIP where the city level college share is obtained by backward
simulation using inter-census 2005. The migration rates computed with both the
inter-census 2005 data and the census 2000 data demonstrate that workers from
these concerned age groups have very limited migration behavior, for instance, only
about 1.1 percent of population whose ages are between 45 to 65 years old in 2005
(they were 28 to 48 years old back in 1988) have reported they lived out of the
current province. And across province migration is less likely to happen than across
2Fertility rate normally decreases as well when the economic situation improves
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county migration. The highest migration rate comes from the cross county migration
of the age group between 31 and 51 years old in 2005 (they correspond to labor
force age between the 28 and 48 years old in 2002), which is about 9 percent.
Since the geographic unit of study is city and in China city is above county in the
administrative hierarchy, we would expect migration rate across city is lower than
that.
Though the inter-census 2005 data doesn’t have information relevant to across
city migration, the census 2000 data does have such information and I found the
migration rate across city is indeed very small as expected. Figure .7 and Figure .8
provide intuitive visualizations for the migration in China both across county and
across province for different ages in 2000 and 2005. The transparent bars represent
total population in each age and the green bars denote the number of people who
migrated from other places to their current residential places. And the red line is
the migration rate. Clearly, the old age groups (the groups that we worry about the
appropriateness of the backward simulated of college share) have very low migration
rate. Therefore, it should be relatively safe to assign the backward simulated college
share to early CHIP years as the college share that workers in these years would
have exposed to.
Note that variations in the simulated counterfactual college share across cities
come from the differences in demographic structures of each place which should
be orthogonal to factors that correlate with worker productivity. Figure .6 shows
that the overall college share is almost identical in the urban cores of Qinghai and
Tianjin for population between 20 and 65 years old in 2005. However, by examining
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the simulated college shares, drawn from the 2005 data, we can see that actual
college shares are likely to be very different across the years from 1988 to 2013. For
example, although the simulated college share in 1988 is similar for both cities, the
simulated college share in 2013 is very different. The difference can be seen in the
2005 data and comes from the fact that the distribution of college share across ages
is very different in the two places. For example, Quinghai has a high college share
for workers between the ages of 35 and 45 whereas Tianjin has a low college share
in this age group.
Thus, the simulated college share is a good instrument for real college share
(calculated from the data directly) because it assumes away endogenous changes
in college share and it is generated based on predetermined and exogenous demo-
graphic structure across cities. Combining with city fixed effect which sweeps away
permanent city-specific factors that may correlate with worker productivity and col-
lege share at the same time, the estimation using the simulated college share as IV
should deliver unbiased estimates for external returns to higher education.
2.4 Results
Figure .5 shows the correlation between the fraction of college educated work-
ers in the population between 16 and 60 years old and the regression-adjusted av-
erage wages for 315 prefecture cities (urban parts) in China using data from 20%
sample of 1% inter-census 20053. It is evident that after controlling for individual
3Conditioning on individual age, gender and education, the regression-adjusted average wages
are obtained.
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characteristics, wages are still higher in cities with higher college share. Yet, the
causality between the average wage and college share canot be simply drawn from
this correlation. There are many other factors at the city-level that may affect col-
lege share and wages at the same time. In this empirical section, I will start with
the augmented Mincerian equation to estimate the external returns to education
and shed some light on the presence of human capital spillover using different data
sets and different specifications. Then I use the constant-composition approach to
estimate potential human capital spillover effects.
2.4.1 Empirical Results from the 2005 Population Census
First, I start with the cross sectional data of inter-census 2005. Table .2
reports estimates of Equation 2.1. The coefficients on age, age squared and years of
education have expected signs and significance across specifications. Female workers
make about 20% less than male workers and the estimates on age and its squared
term (to proxy experience) are consistent with theoretical expectations. The private
returns to one year of schooling is about 9.6%. All standard errors in this paper are
clustered at city level. The OLS result in column (1) of Table .2 shows that a one
percentage point increase in college share in a city is associated with about 2.02%
increase in average wages controlling for gender, age squared and years of education.
Similar to Rauch (1993), the estimate of external return to college education is
driven by variations in college share across cities. When the province fixed effects
are included in column (2), the external return to education reduces to 1.73% where
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the variations in college share are from cities within the provinces. Though both OLS
and province fixed effects models provide positive and significant estimates for the
external return to college share, there still may exist city-specific unobservables that
affect both wages and college share at the same time which can confound the results.
To address the issue of omitted variables, I use the presence of 211universities as
the instrumental variable for college share as previously discussed. The first stage
in column (3) of Table .2 shows that the presence of 211 universities in cities is a
strong predictor for the college share in 2005. The resulting external effect of college
share on wages is 1.96%. Results are similar when I use alternative instrumental
variables such as the number of 211 universities, the presence of 985 universities or
the lagged college share in 2000.4.
Table .3 provides some robustness checks for the estimates in Table .2. All
regressions are 2SLS estimations using the presence of 211 universities as the instru-
ment. The resulting estimates for external return to college share range from a low
of 1.04% to a high of 1.86%. Column (1) in Table .3 includes sector dummies to
control for heterogeneity across sectors and the resulting external effect of college
share is about 0.1% less than that in column (3) of Table .2. Column (2) of Table .3
only looks at manufacturing sector and the result is slightly lower which might be
due to the fact that manufacturing sector is labor intensive but not human capital
intensive. Column (3) and column (4) of Table .3 show the results from two separate
regressions, one includes the interaction between college share and the dummy for
4All 985 universities are 211 universities as well, but not every 211 universities are 985 univer-
sities. In general, 985 universities are more privileged than 211 universities.
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male and the other includes the interaction between college share and the dummy
for female. Interestingly, the external effect of college share for female is larger
than male. Private returns to education may not be linear in years of education
which could bias the estimate of external returns to education (Moretti, 2004b). In
column (5) of Table .3, instead of using years of education, I use dummies for each
education level in the regression. The result is similar with the benchmark result in
column (3) of Table .2. Column (6) of Table .3 uses a different measure for college
share, it is the college share in the city outside the industry an individual belongs
to. The coefficient on this college share investigate if a worker is more productive
when the human capital he or she is exposed to is higher in other industries of the
city. This is an attempt to estimate potential spillovers across industries. The result
from this specification is much lower than the benchmark result where the overall
external effect of college share is estimated. This is not surprising given the fact
that workers have less opportunity to interact with others from other industries.
Nevertheless, the presence of external returns to education across industries may
also indicate the presence of spillover effects within a city. Even though we do do
not have an individual level panel data to control for unobservable ability that may
drive people’s mobility decisions, one unique characteristic of Chinese population,
low migration rate due to the restrictive household registration system, provides an
opportunity to investigate the effect of college share on wages of these who have
never relocated. The estimating result in column (7) of Table .3 implies that a one
percentage point increase in college share is associated with 1.7% increase in wages
for people who never leave their household registration places.
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Though we see positive and significant external returns to education in various
specifications using inter-census 2005 data, the estimates are likely biased since
variations in college share may be determined by factors changing over time, which
are not captured in the single cross-sectional estimations. In next subsection, I use
pooled cross sectional data to estimate the external returns to education.
2.4.2 Empirical results from CHIP data
In this section, I estimate a FE model with the pooled cross-sectional data from
China Household Income project covering 1988, 1995, 2002, 2007 and 2013. Table .4
shows the estimates of Equation 2.1 with year fixed effects and city fixed effects.
In this fixed effects model, the permanent factors affecting both wages and college
share such as city-specific amenities, culture and climate are controlled for. The
identification comes from the variation of college share within a city over time. The
endogenous college share is instrumented with the simulated college share based on
inter-census 2005. This is a valid instrument under the assumption that individuals
do not move to other cities after 2005 and they all are native residents of their
cities (none of them migrated from other cities before 2005). Notice that the OLS
estimate of external return to college share is about 0.47%, much smaller than the
2SLS result of 1.42%, this is likely a reflection of measurement errors in college share
using sample of CHIP data itself. The first stage result shows that the simulated
college share predicts actual college share very well. The resulted estimate of the
external effect of college share on wages of 1.42% is in the range of estimates from
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the estimates using inter-census 2005 data.
As predicted by the theory (Moretti, 2004b), the external returns estimated
from the augmented Mincerian equation may not necessarily represent the productivity-
enhancing spillover, it may merely reflect the imperfect substitution effects where
the decrease in wages of college educated workers is more than offset by the increase
in wages of non-college educated workers. Nevertheless, the augmented Mincerian
equation still provides a way to test the existence of spillover by estimating the
external returns to education for college educated workers only.
If the spillover is absent, wages of college educated workers would decrease as
the share of college educated workers increases because of the supply effect. That
is, when there is no spillover, the external return to education for college educated
workers would be negative. But if we observe positive and significant external turn
to education for the college educated workers, it indicates that spillover indeed
exists and large enough to offset the negative supply effect of more skilled workers
on their wages. Column (3) and (4) in Table .4 shows the estimation results for
skilled (college educated) and unskilled (below college educated) workers separately.
The significant and positive coefficient on college share in column (3) implies the
presence of productivity-enhancing externality. And consistent with the theoretical
prediction, the coefficient on college share for unskilled workers is larger than that for
skilled workers since unskilled workers benefit from both the imperfect substitution
effect and the spillover effect, though the difference between the two estimates is
not statistically significant.
To investigate the robustness of the results, I drop observations in different year
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and the results are largely unchanged see Table .5, except for the year 1988. When I
exclude 1988 from the analysis, the result is still positive but becomes insignificant.
This is not surprising, since the identification of human capital spillover using CHIP
data relies on the college share variations induced by college expansions in China
since 19775 and observations in CHIP 1988 serves as the contrast before expansions
(people who were 28 to 48 years old in 1988 potentially went to college between
1958 to 1978). Taking away CHIP 1988 from the analysis leaves less variations in
college share and weakens the results.
It might be thought that using college share simulated from 2000 census will
lead to more robust estimates because it should mitigate the migration concern for
backward simulation. However, this is not the case since some of the individuals in
CHIP 2013 (they were between 28 and 48 years old in 2013, they were 15 and 35
in 2000) has not had the opportunities to go to college yet, and the college share
simulated from them will be very inaccurate. Moving the labor market “window”
to older cohorts (33 to 35 years old in each CHIP year) doesn’t improve the results
because the biggest variation of college share was induced by the college expansion
in 1999, and any simulation for college share from 2000 will fail to capture this
variation and lead to insignificant estimates. These results are not reported but
available upon request.
5The enrollment of higher education has started to expand since the end of Cultural Revolution
in 1977. New enrollment has increased from 0.27 million in 1977 to 1.08 million in 1998. And
this expansion has been accelerated in 1999 and thereafter in a drastic way, the new enrollment
reached 5.04 million in 2005 and 6.85 million in 2012, see Figure .1.
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2.4.3 Discussion
Economists have long suspected that social returns to education exceed private
returns to education. The consequent human capital spillover is believed to be the
main engine driving economic growth in cities. In this chapter, I apply various
empirical strategies to the most recent data available from China to estimate the
external returns to higher education and to identify human capital spillover. The
biggest challenge in estimating the causal effect of college share at city level on
worker productivity is the issue of endogenous formation of college share. I use the
presence of elite universities in each city, the simulated college share from a base year
as the instrumental variables for college share in the augmented Mincerian model,
and I have found statistically significant external returns to higher education and
these results are robust to different specifications.
Though Moretti (2004b)’s theoretical work suggests that the coefficient on
college share may not necessarily indicate human capital spillovers because of the
imperfect substitution between unskilled and skilled workers, the strong evidences
of human capital spillovers can not be ignored. His theory predicts that if there
is no human capital spillovers at all, we would observe negative coefficient on the
variable of college share when we use only the the sample of skilled workers because
the increase in college educated workers would drive down wages for them. However,
the resulting positive and statistically significant estimate from the CHIP data shows
that not only there exist human capital spillovers, and such spillovers are big enough
to more than offset the negative effect of the increasing supply of educated workers.
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One of the important implications from these findings is that, the presence of
strong human capital spillover in Chinese cities provides justifications for the college
expansion policy since 1999 in China. The dramatic increase in the supply of college
educated workers does not necessarily decrease wages for skilled workers due to the
productivity - enhancing nature of human capital. That is, individuals’ productivity
can be improved if they are working with other productive workers because of the
social learning process happening among them.
Another implication is that policies attracting high skilled workers should be
encouraged. Investments in physical capital can drive economic growth in the short
term, but to ensure a long-term and sustainable growth in the long term, it is
very necessary to accumulate a high stock of human capital as skilled workers can
generate more innovations and new ideas to keep the economy grow.
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Chapter 3: Human Capital Externalities: Constant-composition Ap-
proach
In this chapter, I take the constant-composition approach proposed by Ciccone
and Peri (2006) as an alternative for estimating human capital externalities as it
is expected to address the imperfect substitution issue raised from the augmented
Mincerian approach.
3.1 Empirical Framework of the Constant-composition Approach
In this approach, skilled workers have a positive spillover effect SPL on output
Y which is equal to the difference between marginal social product ∂Y/∂S and the
wage premium w1 − w0,
SPL = ∂Y/∂S − (w1 − w0) (3.1)
Assuming output equals labor income:
Y = w0(1− S) + w1S (3.2)
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Differentiating both sides of Equation 3.2 with respect to S yields ∂Y/∂S = (1 −
S)∂w0/∂S+(S)∂w1/∂S+w1−w0. Combine with Equation 3.1, and solve for SPL :
SPL = (1− S)(∂w0/∂S) + S(∂w1/∂S) (3.3)



















where θ represents spillover measured by percentage change in output and b =
Sw1/Y denotes the share of skilled workers in earnings. S̄ represents the value that
held constant.
Thus, the spillover effect can be identified as the earnings-weighted average
percentage change in wages (the third equality), or, the log-change in the average
wage holding skill-composition constant (the fourth equality, upper bars denote
values that are held constant). Ciccone and Peri (2006) refer this as the constant-
composition approach to identify human capital spillovers.
The constant-composition approach can be used at city, region or country level
over any period in two steps: 1) obtaining wages wx and labor shares lx by skill type
x in each local labor market at the beginning and the end of the relevant period
to calculate the log-change in the average wages holding skill-composition constant
ln(Σxl̄xw̃x)− ln(Σxl̄xw̄x), where upper bars denote values of beginning period, tildes
denote values of ending period. 2) regressing the log-change in constant-composition
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average wages on the (exogenous) change in the supply of human capital and other
determinants of wages.
In the first step, I obtain the average wages by running the following regression
to eliminate gender, marital status effects from individual wages:
logwict = logwct(s) + λXict + vict (3.5)
where wic denotes annual wage for individual i at city c in time t; s is individual
schooling level; X represents dummies for gender and marital status, v stands for
other factors affecting wages. The intercept, logwct(s), corresponds to the log-wage
of married males with education level s at city c in time t. Equation 3.5 is estimated
by ordinary least square method.
With the city-time specific average wages of workers by levels of education
handy, we can construct the necessary average wages using ln(Σxl̄xw̃x)− ln(Σxl̄xw̄x)
to estimate human capital spillovers with the constant-composition approach. Specif-
ically, the constant-composition average wage in year τ is defined as wcτ = Σswcτ (s)lcτ (s),
where wcτ (s) is the average wage at city c in year τ for schooling level s and lcτ (s) is
the share of workers with schooling s in city c in year τ . Holding skill composition
constant, the constant-composition average wage in year t using year τ education
labor force composition is wτct = Σswct(s)lcτ (s).
Now the spillover effect θ in cities between year τ and year t can be estimated
by regressing the log-change in average wages holding labor composition constant
38
on the change in average human capital and other controls:
∆ logwτct−τ = Controls+ θ∆Sct−τ + εc (3.6)
where ∆ logwτct−τ = logwτct − logwcτ
3.2 China’s Urban Household Survey
The main data that I use in the constant composition approach comes from
two waves of China’s Urban Household Survey in 2002 and 2009, respectively. I
choose these two specific years for two reasons. First,They are the most recent
urban household survey data available to researchers. Second, these two waves are
close to the ten-year apart population censuses (2000 and 2010) which provide good
estimates for the city-level human capital.
The urban household surveys are conducted by National Bureau of Statistics
to monitoring the economy’s situation from individual household perspective. The
individual and household level data are aggregated at county, city, province and
even country level to serve as building blocks of important economic indices such as
CPIs and average wages.
As I have mentioned in the previous chapter that properly defining the metropoli-
tan area of a city is crucial for the estimation of human capital externalities. For-
tunately, the Urban Household Survey data reveals the national standard codes
for city district or county that each individual lives. A typical Chinese city often
consists of several city districts, which are close to each other geographically and
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economically, and some counties, which are often distant from city districts and
much less developed.
Therefore, I define the unit of study to be the “urban core” which is the
cluster of city districts of a prefectural city. College shares are computed using the
aggregate census 2000 and census 2010 at urban core level. City-level average wages
are computed at urban core level using Urban Household Survey data in 2002 and
2009.
Table .8 reports the summary statistics for the key variables used in this study
from China’s Urban Household Survey.
3.3 Instrumental variable for the estimation using Urban Household
Survey data
Inspired by Moretti (2004b) and Ciccone and Peri (2006), I use age structure
to predict the changes in average human capital between two census years (2000 and
2010). China has experienced a continuous increase in college participation in the
past decades. Statistics from UNESCO shows that the Gross Tertiary Enrollment
Ratio 1 in China was only 3.01% in 1990, and it raised to 7.71% in 2000, it increased
at a fast pace because of the college expansion in 1999, it became 19.34% in 2005,
reached 23.95% in 2010 2.
Thus, the younger cohorts entering the labor force are better educated than
1According to the education index of United Nations, Gross enrollment ratio is the ratio of total
enrollment, regardless of age, to the population of the age group that officially corresponds to the
level of education shown.
2This number was already 70.71% for the U.S. in 1990.
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their older counterparts, and the relative population shares of different cohorts differ
across cities which will lead to different college shares in later period across cities.
If two cities are the same in every aspect except that one city has larger share of
young and old workers than the other, the city with larger share of young and old
is expected to experience a bigger increase in college share. Such an increase in
college share is arguably due to exogenous and predetermined age structure of the
city which should not affect wages or productivities of workers in later time except
through its influence on the changes in college shares. To alleviate the concern that
young people in 2000 can perfectly foresee the prosperity of cities ten years later
and relocate to cities with fastest economic growth which can make age structure
correlated with wages directly, instead of using age structure in 2000, I use the share
of young people and the share of old people in 1990 (lagged age structure) to forecast
the changes in college share between 2000 and 2010.
3.4 Empirical Results from Constant-composition Approach
To implement the constant-composition approach, I first obtain regression-
adjusted wages for each city in each year at each education level (below high school,
high school and college education) by estimating Equation 3.5. Then constant-
composition average wages are calculated using the formula wc2000 = Σswc2000(s)lc2000(s),
where I sum up the products of the regression-adjusted wages in each year and the
share for each skill group in the base year of 2000 in the population for each city.
The next step is to compute the change in log average wages (holding skill compo-
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sition constant) and the change in college share over the period of study (2000 and
2010). Now, the human capital spillover can be readily estimated by regressing the
change in log constant-composition average wages on the change in college share
over time (Equation 3.6).
To estimate the spillover, I use age structure of cities in 1990 to instrument
for the change in college share between 2000 and 2010. Table .9 shows the strong
first stage. The coefficients of the changes in college share regression combined with
the sample values of the explanatory variables reveal that cities with a larger share
of young population (age 16 to 25) and/ or a larger share of old population (age 61
to 70) in 1990 experienced a greater increase in college share. This is because young
people entering the labor market had an education above the labor force average
and old people leaving the labor market had education below the average in the
period of time (Moretti, 2004b; Ciccone and Peri, 2006).
Table .10 shows the estimates of human capital spillover from higher education
(the benchmark estimates). The column (1) and (2) are from OLS estimation,
column (3) and (4) are from 2SLS estimation using age structure as instrumental
variables. Column (2) and (4) include log change in employment and dummies for
macro regions (east, north east, middle and west regions) as controls. Comparing
column (1) and column (2) (or column (3) and column (4)), we see that including
more controls increases the spillover effects. And the estimates of spillover from 2SLS
are larger than the estimates from OLS which indicates the supply heterogeneity
dominates the demand heterogeneity3. Column (4) indicates that a one percentage
3See Moretti (2004b) for more details on the discussion about the relationship between supply
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point increase in the share of college educated workers will raise average wage by
3.59 percent.
Due to skill-biased technological progress, only the increase of college educated
workers can contribute to the growth of productivity by creating new skills and
new technologies through interactions among workers while the increase in other
education levels has no direct impact on the overall productivity increase (Moretti,
2004b).
In Table .11, I test this prediction by regressing average wages holding labor
force composition constant on the change in college share, high school share, and
primary school share separately. Column (1) in Table .11 is taken from Table .10
directly, column (2) and column (3) correspond to the regression results of the change
in the share of high school educated workers and the change in the share of primary
school educated workers on overall wage growth respectively. The estimation results
confirm the prediction. It shows that the change in college share has positive and
significant effect on wage growth while the change in high school share and primary
school share has either a negative effect or an insignificant effect on wage growth.
Finally, due to the nature of sharing of skills and knowledge, it is predicted that
areas with higher population density have lower costs of communication which makes
human capital spillover more likely to happen in these areas (Rosenthal and Strange,
2008; Moretti, 2004b). In order to test this prediction I split the observations of
urban cores into high-density ones (with population density greater than and equal
to 3000 people / sq. km) and low-density ones (with population density smaller than
and demand heterogeneity and comparison of OLS and IV results.
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3000 people / sq. km)4. The estimation results in Table .12 reveal that the spillover
effects are very strong in high-density urban cores that one percent increase in college
share will bring an increase of 6.676 percent in wage growth, but insignificant in low-
density urban cores. This is consistent with both the theoretical prediction and our
life experience. In denser cities, people have more opportunities to interact with
each other and share information because of reduced communication costs. Denser
cities with higher human capital facilitate the exchange of ideas and creation of new
thoughts which are the powerful engine for the development of both individuals and
cities as a whole.
3.5 Discussion of the Results from the Constant-composition Ap-
proach
Since the augmented Mincerian equation may suffer from the imperfect sub-
stitution between skilled ad unskilled workers, I take an alternative approach of
the constant-composition approach (Ciccone and Peri, 2006) to estimate the human
capital spillovers. I use the lagged age structure in 1990 as the instrument for the
change in college share between 2000 and 2010, I find that one percentage point
increase in the share of college educated workers raises average wages by 3.59 per-
cent and it is statistically significant. I also find that it is the increase in college
share, instead of the increase in any other education levels, that is responsible for
wage growth. This is consistent with the fact that technological progress nowadays
43000 people per square km is the mean of population density in these urban cores
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is skill biased, high skilled workers will lead to higher productivity. Furthermore,
my empirical results also show that human capital spillover is larger in cities with
higher population density. This can be explained by the fact that in denser cities
workers have better chances to meet each other and learn from each other. That is,
the concentration of population facilitates the exchange of ideas and makes denser
cities more productive.
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Chapter 4: Human Capital Externalities: Evidence from China‘s An-
nual Enterprise Survey
4.1 Empirical Framework
In this section, I will set up the econometric model for the empirical estimation
of human capital externalities. If human capital spillovers exist, firms located in
cities with higher human capital level, (in our case, the share of college-educated
workers,) will have higher productivity. Therefore, we employ the following version
of Mincerian equation to estimate human capital spillovers.
lnTFPijct = γCSct + αXijct + βZct + ϵi + ϵj + ϵc + ϵct + ϵjt + ϵijct (4.1)
The left-hand side is the log form of total factor productivity (TFP) which is
a function of aggregate human capital - the share of college-educated workers in this
study, firm characteristics Xijct, and city characteristics Zct. ϵs are the unobservable
factors that could affect the productivity of a firm at the firm level, the industry
level, the city level, and over time. γ captures the external effect of city-level human
capital on the firm productivity, which is the so-called human capital spillovers.
With the firm-level panel data, we can weep out all the effects of the permanent
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unobservable factors specific to firm, city and industry. Notice that college share is
at the city-year level, so running a model like the one above will not be feasible as
the key coefficient of interest γ will be completely absorbed by the city-year dummy.
Instead, I will estimate the model below where the city-year dummy is replaced
by the provincial fixed effect ϵpt, If we believe most of the city-specific time-varying
shocks are actually at the province-year level, ϵpt helps mitigate the problem caused
by omitting ϵct(Moretti, 2004c; Liu, 2014).
lnTFPijct = γCSct + αXijct + βZct + ϵi + ϵj + ϵc + ϵpt + ϵjt + ϵijct (4.2)
Though the firm fixed effects and province-year fixed effects help reduce the
biases of omitted variables by large, we cannot completely rule out the possibility
that other unobservable and time-varying factors may play a role in the estimates of
human capital spillovers. A firm with higher productivity may choose to locate in
a city with higher college share for reasons independent of human capital spillovers
(Moretti, 2004c). I will further deal with this issue with an instrumental variable
approach.
4.2 Data
The data being used in the paper consist of three parts: the firm-level records
from China’s Annual Survey of Industrial Enterprises (ASIE), the college shares
at the city level from population census and the city characteristics from the City
Statistical Yearbook. All the data are from surveys conducted by the National
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Bureau of Statistics (NBS) of China.
4.2.1 China’s Annual Survey of Industrial Enterprises
China’s Annual Survey of Industrial Enterprises starting from 1998 up to
present is by far by far the most comprehensive and largest firm survey conducted
by the National Bureau of Statistics. It covers all industrial firms with sales above 5
million RMB (so-called above-scale firms), and both state-owned and not-state firms
are included. The industry includes mining, manufacturing, and public utilities, for
the analysis in my dissertation I only use the data of manufacturing firms.
Specifically, the ASIE is a nationwide mandatory census covering firms that
account for around 95% of total Chinese industrial output and 98% of total Chi-
nese industrial exports throughout the country‘s 31 provinces, autonomous regions,
and province-equivalent municipalities (Beijing, Shanghai, Tianjin, and Chongqing).
The sample size of this data has increased from 121,928 in 1998 to 283,144 in 2013.
Together, the substantial geographic coverage and the large sample size of this ASIE
firm data makes it ideal for the study of human capital externalities as it allows me
to disaggregate the data by city.
The firm-level information contained in the ASIE database is very rich and
detailed. For instance, it includes total output values, value added, total sales, em-
ployment, total assets, fixed capital stock, ownership, industry classification, main
products, foreign direct investment, along with other information like firm name,
address, year of founding, investment, tax paid, salary expense, and so forth. With
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these variables, I am able to construct the key variables of total factor productivity
(TFP) and firm-level human capital.
4.2.2 Construction of total factor productivity
The dependent variable in this study is the total factor productivity (TFP),
which is constructed in the following way (Brandt et al., 2012, 2017; De Loecker
and Warzynski, 2012):
lnTFPijct = ln qijct − αL ln lijct − αK ln kijct, (4.3)
The ln TFP is obtained by taking the difference between the log of real value-
added and the weighted average of production inputs where the weights are the
estimated industry-specific input elasticity. The elasticities are estimated from a
Cobb-Douglas production function for each manufacturing industry. The value-
added, and capital are deflated using 1998 as the base year.
4.2.3 Human capital measurements
One of the key variables in the human capital spillovers studies is the city-
level human capital measure. In my study, it is mainly measured as the share of
college-educated population in each city (college share thereafter). As the variable
of the interest, it is crucial to get it measured as accurately as possible, and popu-
lation census serves this purpose extremely well as population census includes every
individual in China. Specifically, college share is calculated as the proportion of
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the population with a bachelor degree and above among the total population who
are more than 15 years old1 for each prefectural city, where a prefectural city is
an administrative entity right below a province and there are 334 perpetual cities
in China. Additionally, I also construct the ratio between college enrollment and
total population as an alternative measure for the city-level human capital, and the
estimated spillover effects change very little.
I match the variable of college share, which is derived from population census
in 2000 and 2010, to the firm-level data in 2001 and 2011. The matching results in
a balanced panel of 19276 firms observed in each year.
Note that there is one year gap between the firm data and the population
census data as there lack some input variables in the firm data to calculate TFP for
firms in 2010, but the one year gap should not affect the results much as the city-
level college share is unlikely to change a lot in one single year. As a matter of fact,
in literature, the lagged city-specific human capital measures are often used as a
way to break the possibility of reverse causality of firm productivities and city-level
education attainments (Moretti, 2004c; Liu, 2014). To check the robustness of the
results, I also combine college share in 2000 and 2010 with firm data in later years
like 2003 and 2013, the findings remain largely unchanged.
4.2.4 Other important variables
While the ASIE data contains the total number of employees, it does not re-
port the number of workers for each education level. To account for firm-specific
1In China, the minimum work age is 16 years old
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human capital, I compute the ratio of firm average wage to industry average wage.
The underlying assumption is that average wages are good proxies for firms‘ human
capital (Liu, 2014). The ratio approach helps normalize firm-level educational prox-
ies by eliminating changes in the average wage resulting from industry-wide factors
other than changes in the average educational attainment of firm employees. For
instance, firms in some industries face a surge in demand for its products and the
average wage would increase in each firm without any changes in the average edu-
cation level in each firm, therefore, changes in the human capital of each firm would
be better reflected by the ratio of the firm average wage to the industry average
wage (Liu, 2014).
Following Liu (2014), I construct the Herfindahl-Hirschman Index (HHI) to
take into account the impact of the market structure of each industry on the pro-
ductivity of firms in the respective industry. HHI is calculated as the sum of the
market share of each firm in the city and industry it operates. HHI varies between
0 and 1. Larger HHI means that the market is more concentrated. I expect that
human capital spillover effects decrease as the market concentration increases since
a monopolistic power discourages learning among firms and workers.
Other city-level variables, such as share of employment in industrial sector,
the volume of cargo (ten thousand tons), green land per capita (km sq), college
enrollment rate, population density, are drawn from the City Statistics Yearbook of
China.
Table .13 provides the summary statistics for the variables used in this study.
In the following section, I will introduce several strategies to identify the human
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capital externalities if they exist.
4.3 Identification Strategies
I use two main strategies to deal with the endogeneity issue of identifying
human capital externalities. The first one is the fixed effect models which are per-
mitted by the panel feature of the firm data. The second one is an instrumental
variable approach where I use a historical event and a city amenity separately as
instruments for endogenous college share.
4.3.1 Fixed Effect Models
First and foremost, using the balanced panel of 19,276 firms observed in 2001
and 2011, I am able to include firm-fixed effects to control for any permanent char-
acters of firm, industry, and city that do not change over time but influence both
the firm productivity and the city-level college share. In addition, along with year
fixed effects, I add firm-specific year dummies, industrial-specific year dummies, and
provincial-specific year dummies, as well as provincial-industrial year dummies to
control for potential time-varying shocks that are unobservable to me.
To some extent, these fixed effects above would greatly reduce the biases of
the estimation of γ, if I assume the idiosyncratic error is uncorrelated with any of
the explanatory variables. But in practice, admittedly, some observable city-level
time variant shocks could still correlated with the variable of college share.
Therefore, in addition to these fixed effects, I add other observable city char-
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acteristics to mitigate this concern. For example, a rapid economy like China has
gone through substantial improvement in its infrastructure in the past, and it is
very likely that it is the upgraded transportation system that improves firm pro-
ductivity, rather than the human capital externalities. Attributing the increases in
productivity solely to human capital externalities is inadequate. I use the volume of
cargo, which is measured in ten thousand tons per year in a city including all cargo
by road, plane, and water, as the proxy for the city infrastructure.
Another concern is that the structure of the city economy could also affect
firm productivity. It could be the case that it is the changes in the structure of the
economy that improve firms’ productivities as well as attract more college-educated
workers. For example, Shenzhen China started as a labor-intensive economy in the
1980s, but now it is one of the leading cities in technology and innovation in China.
Failing to take the structure of the economy into consideration, we will have biased
estimates for human capital externalities. So I include the share of employment of
industrial sector (v.s. agricultural sector and service sector) in the total employment
of a city to approximate the city economic structure.
The competitiveness of the market environment in which firms conduct busi-
ness could also affect firms’ productivities. So the market share of each firm at
the two-digit industrial level is included in the model, as well as the Herfindahl-
Hirschman Index (HHI)(Liu, 2014).
In the fixed-effect models, any time-invariant shocks at the firm level, industry
level, province level, which could bias the estimates of human capital externalities
γ, are well controlled for. With the inclusion of industrial-specific and provincial-
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specific year dummies, and some city and firm characteristics, the fixed-effects mod-
els should provide a good estimate for human capital externalities.
4.3.2 Academic Departments Relocation As An Instrument
While firm-level fixed effects can take away a large number of permanent fac-
tors affecting both the city-level college share as productivities as firm fixed effects
absorb permanent factors at the firm, city, and industrial levels, and the industrial
and province-specific year dummies can help alleviate the industry-wide shocks and
the provincial level business-cycle conditions can help achieve a more consistent
estimate of human capital spillovers, it is still possible that some city-specific time-
varying unobservable shocks can bias the estimates. So alternatively, I estimate
human capital with a first-differenced instrumental variable model.
The first instrumental variable that I use is the number of academic depart-
ments relocated in early 1950s (Glaeser and Lu, 2018). During the massive relocation
movement, some cities saw their local education institutions diminished drastically
in the early years of Communism, while other cities saw their educational insti-
tutions increase. The changes in the higher education resources have a long-term
impact on the local human capital development that lasts decades. It turns out that
the changes in the net number of departments received is a strong predictor for the
changes in college share. But the relocation of academic departments was rather
unexpected and the net number of departments received by each city in the 1950s
was not correlated with local city characteristics, so it should not affect changes in
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firms‘ productivity in 2000s.
To understand why the relocation of academic departments is a valid instru-
ment and it should satisfy the exclusion restriction, it is important to see how and
why the massive relocation movement took place. First of all, like other communist
countries, the Chinese communist government quickly adopted the Soviet Union
university system, which was highly specialized to serve the economic development,
once it got the power. The way it achieved this goal was to transform the com-
prehensive universities into single-disciplinary colleges of science or liberal arts, or
multi-disciplinary universities of science and technology by uprooting departments
from their home universities, regrouping them, and then relocating them across uni-
versities in different cities. As a consequence, 502 departments were moved out of
their home universities, 282 of which were relocated to other cities, and 623 depart-
ments were moved into other universities, 333 of which were from a different city
(Glaeser and Lu, 2018).2
Secondly, this movement was very political and the new regime took this re-
location of academic departments as an opportunity to eliminate the influence of
previous regime and western culture in higher education, and to spread the commu-
nist ideology as much as possible. For instance, National Central University, which
was one of the flagship higher education institutes of the Republic of China, was
split into 11 colleges in 1952, and these colleges were spread across many different
cities. All Christian universities were nationalized, renamed and reorganized. See
2The number of departments got split was greater than the ones merged, that is why we observe
more moved-in than move-out.
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Glaeser and Lu (2018) for more details about the academic relocation movement in
China in the early 1950s.
Thus, this unexpected historical event of academic department relocation,
which happened a half-century ago should have no influence on firm’s productivities
in later 2000s, except through its impacts on the local resources of higher education
as the presence of higher education institutes has a long-term effect on the local
human capital (Card, 1993).
Another instrumental variable is the green land per capita in each city which
measures the city-level amenity. Since better amenities attract more college-educated
workers, the city-level college share will increase as a result, but there is little rea-
son to believe that better amenities can affect firm productivity other than through
their effects on college share.
4.4 Results from Fixed Effect Models
4.4.1 Baseline Results
Column 1 of Table .14 provides the estimated result when each firm is treated
as if they were independent observations and only city effects and year effects are
included. It shows that a one percentage point increase in college-educated workers
is associated with a 1.6 percentage increase in firms’ productivity. In column 2, I
consider the panel feature of the firm data so that the identification of the human
capital spillovers comes from the changes in college share at the city level and the
changes of productivity of the same firms over time. The inclusion of the firm effects
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saturates permanent factors at city and industry level. Compared to column 1, the
resulting coefficient of the college share decreases slightly.
Though the firm effects have sufficiently controlled the time-invariant unob-
servable factors that may affect both college share and firm productivity, there could
still exist some time-variant variables that could potentially bias the estimates. To
further purge the results, I add industry-year effects in column 3 to take into ac-
count the possible industry-wide changes that could take place at industry level
that attract more college-educated workers and improve firms’ productivity. For
instance, the introduction of a new technology in the automobile industry demands
more workers with higher education and the technology itself makes firms more pro-
ductive. Without the industry-year effect, we could falsely claim human spillover
effects when they do not exist. The estimate in column 3 of Table .14 is about half of
the effects found in column 1 and column 2, which clearly indicates the importance
of considering technological changes over time.
Analogically, in column 4 of Table .14, I include province-year effects to control
for time-variant geographic factors that may bias the estimates of the human capital
spillovers. The resulting estimate 1.65 is close to column 1 and 2 which implies that
time-variant factors at provincial level have almost no effects on firm productivities.
Column 5 of Table .14 provides the estimate from the most parsimonious model
where firm-industry-province year effects are included. The resulting estimate is
close to that in column 3.
Other coefficients in Table .14 behave largely as we expect. Firm-specific
human capital has significant and positive effects on firm productivity, and its mag-
57
nitude changes very little across different models. A firm with a larger market share
in the industry has higher productivity. The more concentrated the industry a firm
belonging to is, the less productive a firm is since the competition decreases (higher
HHI means higher concentration and less competition). The employment share of
the industrial sector (other two sectors are the agricultural sector and the service
sector) does not have a consistent impact on firms’ productivity across models. The
log of cargo volume has positive but insignificant impacts on firms’ productivity.
4.4.2 Robustness Checks
To probe the robustness of the results in Table .14, I present the results from
a number of alternative models in Table .15 and Table .16. One concern is that
firms located in larger cities are more productive since larger cities allow for more
subcontracting and specializing (Moretti, 2004c). In row 1 of Table .15, I include
city population density in addition to the baseline model in column 5 of Table .14.
The resulting coefficient of college share is slightly larger than the model without
population density3.
Another concern is that college share may simply pick up agglomeration effects
rather than human capital externalities. That is, firms could be more productive if
they located in cities where the overall level of physical capital is higher (Moretti,
2004c). The way I address this concern is to add different measures of overall
physical capital to the baseline model to test if human capital spillovers disappear.
3The coefficient in each row of Table .15 represents the coefficient of college share from a separate
regression
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In row 2 of Table .15, I add the average of physical capital per firm excluding firms’
own physical capital, and the coefficient remains largely unchanged. The result is
similar in row 3 when I measure overall physical capital by the average physical
capital per worker outside firm. I conduct the same exercise in row 4 and 5 where
the average capital is measured outside of the 4-digit industry that a firm belongs
to in each city. The resulting estimates of human capital spillovers are very robust.
In the models of row 6 and 7 of Table .15, I introduce the foreign direct
investment (FDI) to the baseline model as the additional control as it is likely that
firms with a larger share of their capitals controlled by foreign investments would
be more productive. In row 6, the FDI share is weighted by its capital share in the
4-digit industry the firm belongs to, and in row 7 the FDI share is weighted by its
employment in the same industry. The resulting estimates indicate that the human
capital externalities are not impacted by the inclusion of FDIs.
4.4.3 Alternative specification
To further check the robustness of my results, I replace college share with
the ratio of college enrollment to population above 15 years old as an alternative
measure for city-level human capital. The results in Table .16 largely mirror that
in Table .14. The coefficients in the model with city effects (column 1) are close
to that in the model with firm effects (column 2); adding industry-year fixed effect
greatly reduces the estimates but they are still statistically significant. The most
conservative model of column 5 of Table .16 indicates that one percentage point
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increase in the ratio of college enrollment to population is associated with 0.009
percent increase in firm productivity.
4.5 Instrumental Variable Approach
4.5.1 Results from Instrumental Variable Model
The number of academic department relocated in 1952 and the green land per
capita are the two instrumental variables I use. To a large extent, the academic
department relocation movement is unexpected and it has a long-lasting impact
on the local human capital as it changed the higher educational resources at the
city level. Therefore, it is expected that the net number of moved-in departments
should be correlated with changes in college share in the 2000s. Since this movement
is a historical event that happened a half century ago and it should have no direct
impacts on firms’ productivity in the 2000s.
The green land per capita serves as a proxy for local amenities which are valued
by more skilled workers. Therefore, more green land could help retain local college-
educated workers and attract others from outside. There seem to be no compelling
reasons to believe that amenities such as green land would have a direct impact on
firm productivity.
Column 1 of Table .17 provides the estimate of the simple first-differenced
model. The result indicates that one percentage point increase in college share is
associated with a 1.7 percentage point increase in firms’ productivity. Column 2
and 3 of the upper panel of Table .17 shows that both the academic department
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relocation event and the green land per capita are good predictors of the changes
in college share. One more net academic department a city received is associated
with a 0.1 percentage point increase in the change of college share between 2000
and 2010. One more square meter green land per capita is associated with 0.02
percentage point increase in the changes of college share in the 2000s.
The magnitudes of the first stages are small, but these numbers are reasonable
given the fact that the relocation of academic departments took place decades age
and local amenities such as green land per capita is just one of many factors affecting
workers’ choice of work locations. Take the department relocation as an example,
the average population size of Chinese cities in 2010 is about 3.2 million according
to the 2010 population census, so the coefficient of 0.001 means that 3200 more
workers on average have become college educated over the time period of 2000 and
2010 because of the historical event in the 1950s. The resulting estimates indicate
that one percentage point increase in changes of college share leads to 2.1 to 2.3
percentage point increase in firm productivity.
4.5.2 Validation of the Instrumental Variables
Though the significant first stages show that academic department relocation
and green land are strongly and positively associated with changes in college share,
the estimated results could still be invalid if the relocation is correlated with other
local factors that could affect firms’ productivity. For instance, the relocation may
favor some cities over others. Certain cities could receive more departments than it
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could lose if the central government preferred to concentrate resources to a few cities
that were already in a faster growth track, like cities with more existing universities
or better infrastructure. Or, if cities that gained more departments during the
relocation movement happened to receive more investments in a later period, the
estimated human capital spillovers would still be questionable.
Glaeser and Lu (2018) show that the net number of relocated departments is
not correlated with either number of universities at that time or the average infras-
tructure investment in the time period of the 1950s and 1960s. Figure1-3 copied
from Glaeser and Lu (2018) provide some visual evidence that while the number
of moved-in departments and the number of departments moved-out concentrate
in certain cities, the net number of departments relocated does not reflect such
concentration.
More importantly, other city characteristics that may influence firms’ pro-
ductivity should not be correlated with the instrument. Any linkage between the
academic department relocation and current city characteristics will cast doubt on
the validity of the instrument and the resulting estimates of human capital exter-
nalities.
Table .18 shows that for the year 2000, cities with more infrastructure in-
vestment per capita and higher GDP per capita indeed gained more departments
during the relocation movement but they also lost more departments. Overall, the
net number of department moved-in is not correlated with the infrastructure invest-
ment and economic performance. Similar conclusions are reached when I use the
infrastructure investment and GDP data from 2010 and the difference between 2000
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and 2010, see Table .19 and Table .20 for details.
4.6 Heterogeneity of human capital spillovers
The story of human capital externalities builds upon the assumption that
through formal and informal interaction among them, workers learn from each other,
consequently, knowledge and skills are no longer limited to individuals who originally
acquire them, instead, knowledge and skills are widely spread out which benefit
many other people (Marshall, 1890; Lucas, 1988). An increase in firms’ productivity
is one of the results of such social learning.
This social learning process brings benefits but also involves costs. Therefore,
anything that increases the benefits and decreases the costs of social learning is
expected to improve the intensity of human capital externalities. This is the place
where further evidence comes from.
First, if social learning is the main mechanism of human capital externalities,
firms located cities with larger and denser population would gain more from overall
human capital since in larger and denser cities people have more chances to meet
each other which lowers the cost of learning, as Rosenthal and Strange (2008) finds
that human capital spillovers attenuate sharply with distance.
I investigate this prediction by dividing the cities into small cities and large
cities according to the sizes of the population. The cutoff is 5.7 million population
which is the median size of the cities considered. Besides the total population, the
population density is another important aspect to determine the intensity of human
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capital spillovers. I use the median density of 570 people per square kilometers as
the threshold for denser cities and less dense cities.
The resulting estimates of human capital spillovers in the first two columns of
Table .21 shows that firms in larger cities are far more sensitive to human capital
spillovers than firms in small cities. In large cities, one percentage point increase in
college share is associated with a 2.65 percent increase in firm productivity, whereas
in small cities, the effect is much smaller and statistically not significant. The results
do not change much when I divide the sample by city population density in column
(3) and (4). Other coefficients are similar to the main estimation.
One concern of the above analysis is that a Chinese prefectural city often in-
cludes both an urban area where major economic activities take place and a massive
rural area where fewer population and firms present, simply classifying cities by
“raw” number of population size and population density may misplace some cities
and lead to incorrect results. For this reason, I regroup cities into small and large
cities, less dense and denser cities based on population size of population density
of the “metropolitan” area of a city instead of the whole city. Then I reestimate
the FDIV model and the results are presented in Table .22. The pattern of human
capital externalities is the same in this new classification of cities compared to the
previous classification: the intensity of human capital externalities is much higher
in larger and denser cities. But the results from the new classification of cities are
stronger.
Second, according to the assumption of human capital externalities if the ben-
efits of social learning are greater the intensity of human capital externalities will
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also be higher since workers will have more incentives to implement what they learn
from others. This argument can be tested by separately applying the FDIV model
to state firms and private firms. Compared to state firms, private firms are more
likely to operate on profit-maximizing principles and competing in product and fac-
tors markets where wages are more tightly linked to individual productivities, and
workers have more incentives to engage in some form of social learning Liu (2014).
Table .23 confirms our prediction that firms with private ownership (both domestic
and foreign) are more responsive to the overall human capital level than firms with
state ownership.
4.7 Discussion
In this chapter, I match a firm-level panel data from China’s Annual Survey
of Industrial Enterprises (ASIE) to population census data in China to estimate
human capital externalities suggested by classic literature (Marshall, 1890; Lucas,
1988). In both the fixed effects model and the first-differenced instrumental variable
model, I find strong and positive relationships between firms’ productivity measured
as Total Factor Productivity (TFP) and overall human capital in a city measured
as the share of college-educated workers in the population above 15-year-old. The
most robust fixed effects model shows that one percentage point increase in college
share is associated with 0.85 percentage point increase in TFP. Using the historical
event of academic department relocation and city amenities as exogenous shocks to
local higher educational resources, I am able to estimate that one percentage point
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increase in college share leads to 2.1 to 2.3 percentage increase in firms’ TFP.
The key assumption of human capital externalities suggests that there exists
a social learning process as the main mechanism that facilitates such externalities.
Though I don’t have direct evidence to show this is the case for sure, I provide
supplementary evidence to support this mechanism. If social learning is one of the
main mechanisms of human capital externalities, we expect firms in cities with larger
and denser population and firms providing more incentives for workers to engage in
social learning would be more responsive to human capital. Since in bigger cities
workers have more chances to learn and in firms rewarding efforts more properly
(private firms) workers have more incentives to exert their efforts in social learning.
My empirical results are perfectly consistent with such predictions.
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Chapter 5: Conclusion and Discussion
A large body of theoretical literature in both macroeconomics and urban eco-
nomics has suggested that aggregate human capital has a positive effect on pro-
ductivity for workers and firms (Marshall, 1890; Lucas, 1988; Romer, 1990). Lucas
(1988) suggests that human capital spillovers may be large enough to explain long-
term income differences between rich and poor countries. In his most foundational
paper of “Endogenous Technological Change”, Romer (1990) incorporates human
capital as one of the key factors affecting productivity of firms in his new growth
model, and he argues that human capital is responsible for the long-term economic
growth as human capital can keep generating new ideas and innovations that con-
tinuously improve productivity.
The goal of my dissertation is to provide some systematic empirical evidence
for the existence and magnitude of human capital spillovers using individual-level
and firm-level data from China.
As the second largest economy in the world, China has experienced a spectac-
ular economic growth, and at the same time, the level of schooling of its population
has also increased dramatically. It is interesting and important for both researchers
and policymakers to know if human capital spillovers have played a role in its eco-
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nomic growth. The magnitude of human capital spillovers is a useful tool for evalu-
ating the efficiency of public funding in education as almost all levels of education
are subsidized by governments which is true not only in China but also in many
other countries. Moreover, the magnitude of spillovers from higher education is cru-
cial for local development policies as well. Local governments often face a variety
of policy options to develop local economies. They need to choose to invest in in-
frastructure to attract new businesses, to change environmental regulations to make
development easier or to invest in higher education to create an educated workforce.
Understanding the role of human capital spillovers in productivity improvement is
very important when local governments want to strike a balance between these op-
tions and try to have an optimal development policy (Moretti, 2004a).
In Chapter 2 of my dissertation, I first investigate the impact of aggregate
human capital on productivity by comparing wages for otherwise similar workers
who live in cities with different shares of college graduates in the labor market using
CHIP (China Household Income Project) data. If aggregate human capital spillovers
truly present, we would observe wages for workers in cities with higher college share
are higher than in cities with lower college share after controlling for individual char-
acteristics and cities characteristics. The biggest obstacle in identifying such human
capital spillovers is the presence of unobservable factors at both the individual level
and the city level, such as individuals’ unobservable ability, workers’ preference for
amenities, cities’ natural endowment and institutions. Workers may sort to differ-
ent cities based on these unobservable factors. The simple OLS may just capture
the effect of these unobservables rather than human capital spillovers. To overcome
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this identification issue, I implement an instrumental variable approach using the
simulated college share as the instrument for the observed college share assuming
workers did not migrate over time across cities. I find that one percentage point
increase in college share is associated with a 1.4 percent increase in wages.
To facilitate our understanding of the magnitude of the estimated spillover
effects, consider that the average annual increase in college share over the period of
1988 to 2013 is about 0.96 percentage points. According to the 2SLS estimate of
1.4 percent in Table 4 Column 2, the 0.96 percentage point increase in the share of
college educated workers would be associated with an increase in wages by about
1.36 percent. For an average worker in China in 2002 making 12000 RMB (about
1700 US dollars) yearly, this translates into about 157 RMB (roughly 22 US dollars)
each year.1. The employed population in 2002 was 732.8 million in China according
to China Labor Statistical Yearbook. The national spillovers can be as large as
114.8 billion RMB (roughly 16.4 billion US dollars). The annual investment in
higher education of the government was 58.9 billions RMB (about 8.4 billion US
dollars)2. That is, the national human capital spillovers can be two times higher
than the investment in higher education made by the government.
There is a caveat in this Mincerian approach where the individual wage is
regressed on aggregate human capital and other covariates. We may find a posi-
tive coefficient on college share even if there are no human capital spillovers when
skilled workers and unskilled workers are imperfect substitutes. To mitigate this
1The approximated effect found by Moretti (2004b) is 62 dollars
2China Educational Statistical Yearbook shows that there were 9534600 students enrolled in
higher education institutes in China in 2002 and the investment was 6178 RMB per student
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concern, I run separate estimations for skilled and unskilled workers. If there is
no spillovers, the coefficient of college share for skilled workers will be negative as
supply and demand rules suggest. However, we find that the coefficient of college
share is significantly positive for skilled workers. This provides one piece of evidence
that human capital spillovers not only exist but large enough to offset the negative
imperfect substitution effect.
In addition, in Chapter 3, I implement the constant-composition approach
(Ciccone and Peri, 2006) which makes it possible to separate human capital spillovers
from the imperfect substitution effect by holding the skill composition of workforce
in the city constant. In this approach, I instrument for the change in college share
in the 2000s with the age structure in 1990 and I find that one percentage point
increase in college share increases wages by 3.6 percent.
We can interpret the coefficients in Table 10 at the similar fashion. For in-
stance, Column 4 in Table 10 implies that one percentage point increase in college
share was responsible for an increase in wages of about 3.59 percent. The average
annual increase in the percentage of college share is about 2.4 percentage points
between 2000 and 2010. This increase indicates that a typical worker in year 2002
gains 1037 RMB (148 US dollars). Such effect is larger the one found in Chapter
Two. This is due to higher college share increase in the period of 2000 to 2010 and
higher estimate of spillover effects from the Constant-composition Approach.
In Chapter 4, I directly estimate the impact of college share on productivity
by regressing firm total factor productivity (TFP) on city-level college share and
other covariates. In the most parsimonious model where I include not only the
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firm fixed effects and the year fixed effects, also the industry-year effect and the
province-industry-year, I find that one percentage point increase in college share
leads to 0.85 percent increase in firm TFP. Furthermore, I take a first-differenced
instrumental variable approach where I use the net number of academic department
moved-in during the department relocation in the 1950s across Chinese cities. This
politics-driven and unexpected event has a long-term influence on the composition
of the local labor force as it is shown in the first stage of the 2SLS estimation, but it
should not have any impacts on firm productivity in the 2000s other than through
its impact on college share changes. The estimates show that one percentage point
increase in college share increases firm TFP by 2.3 percent. The result is similar
when I use green land per capita as the instrument. The yearly increase in college
share between 2000 and 2010 is about 2.4 percentage points. Therefore, the actual
spillover effect is about 5.5 percent which means 1.3 million RMB (0.19 million
dollars) gain for an average Chinese firm.
Though I have implemented a variety of identification strategies to overcome
the endogeniety issue of omitted variables, I can not completely rule out that some
unobservable factors still play a role in my estimated human capital spillovers. How-
ever, the fact that all my estimates across data and model specifications are all
significantly positive and they are very close to one another provides credibility to
my estimates of human capital spillovers.
My dissertation has focused on identifying human capital externalities and
estimating the magnitude of them, future work can be extended toward exploring
the micro-mechanisms through which human capital takes place. For instance, how
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overall human capital affects location choices of firms and industry formations of a
region.
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Appendix : Tables and Figures






years of education 11.8 11.11
(304) (3.08)
log wage 6.83a 6.13a
(0.70) (1.38)




Notes: Standard deviations are in parentheses for continuous
variables.
a: Log of monthly wages
b: Interpolated from inter-census 2005
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Table .2: The effect of changes in college share on individual wages: Inter-census 2005
(1) (2) (3)
OLS Province FE IV
First stage
presence of 211 universities 0.089***
(0.009)
Second stage
College share 2.021*** 1.731*** 1.960***
(0.378) (0.286) (0.243)
gender -0.200*** -0.206*** -0.206***
(0.00769) (0.00764) (0.00774)
age 0.0254*** 0.0381*** 0.0384***
(0.00536) (0.00307) (0.00285)
age2 -0.000266*** -0.000427*** -0.000431***
(7.04e-05) (3.55e-05) (3.22e-05)
education year 0.0962*** 0.0966*** 0.0957***
(0.00419) (0.00344) (0.00390)
Constant 4.707*** 4.689*** 4.597***
(0.130) (0.177) (0.110)
Observations 312,462 312,462 312,462
R-squared 0.293 0.391 0.390
Province Dummy NO YES YES
Notes: Dependent variable is individual log wages. Data: inter-census 2005 of
China
Standard errors in parentheses are clustered at prefecture city level.
*** p<0.01, ** p<0.05, * p<0.1
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Table .3: Robustness check: Inter-census 2005
(1) (2) (3) (4) (5) (6) (7)
sector dummies manufacturing only male female non linear edu CS in other industry stayer only
college share 1.866*** 1.682*** 1.124*** 1.644*** 1.778*** 1.039*** 1.701***
(0.254) (0.300) (0.336) (0.262) (0.253) (0.306) (0.239)
gender -0.189*** -0.239*** 0.103 -0.607*** -0.188*** -0.203*** -0.185***
(0.00811) (0.0110) (0.0766) (0.0621) (0.00847) (0.00754) (0.00899)
age 0.0343*** 0.0250*** 0.0324*** 0.0331*** 0.0345*** 0.0364*** 0.0350***
(0.00272) (0.00469) (0.00204) (0.00267) (0.00260) (0.00261) (0.00274)
age2 -0.000380*** -0.000306*** -0.000354*** -0.000363*** -0.000385*** -0.000399*** -0.000377***
(3.00e-05) (5.29e-05) (2.24e-05) (3.08e-05) (2.90e-05) (2.94e-05) (3.10e-05)
education year 0.0809*** 0.0880*** 0.0865*** 0.0855*** 0.104*** 0.0765***
(0.00510) (0.00698) (0.00535) (0.00522) (0.00381) (0.00435)
Constant 4.385*** 5.015*** 4.719*** 4.988*** 4.744*** 4.821*** 4.424***
(0.113) (0.172) (0.128) (0.0911) (0.109) (0.224) (0.107)
Observations 312,462 63,597 312,462 312,462 312,462 312,462 239,220
R-squared 0.429 0.386 0.414 0.416 0.437 0.378 0.411
Province Dummy YES YES YES YES YES YES YES
Notes: Dependent variable is individual log wages. Data: inter-census 2005 of China
All regressions are 2SLS using presence of 211 universities as instrumental variables
(1) Include dummies for industry
(2) Use observations in manufacturing industry only
(3) College share is interacted with dummy for male
(4) College share is interacted with dummy for female
(5) Returns to education vary by education level
(6) College share is from other industries in the city where an individual belongs to.
(7) Use observations that stay at their birth places.
Standard errors in parentheses are clustered at prefecture city level.
*** p<0.01, ** p<0.05, * p<0.1
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Table .4: The effect of changes in college share on individual wages: pooled cross sectional
data
(1) (2) (3) (4)
VARIABLES OLS 2SLS Skilled Unskilled
First stage
Interpolated college share 0.783*** 0.787*** 0.707***
(0.285) (0.329) (0.259)
Second stage
College share 0.469*** 1.417*** 0.917** 1.240**
(0.157) (0.364) (0.391) (0.483)
education year 0.0541*** 0.0518*** 0.0339*** 0.0337***
(0.00247) (0.00248) (0.00536) (0.00272)
age 0.0830*** 0.0792*** 0.0435*** 0.0855***
(0.00817) (0.00899) (0.0149) (0.0117)
age2 -0.000923*** -0.000874*** -0.000384** -0.000937***
(0.000108) (0.000117) (0.000194) (0.000152)
gender -0.215*** -0.217*** -.168*** -.231***
(0.0133) (0.0130) (0.0143) (0.0163)
Observations 29,403 29,403 7,905 21,498
R-squared 0.803 0.801 0.805 0.777
Number of city 65 65 65 65
Year Dummy YES YES YES YES
City Dummy YES YES YES YES
Notes: Dependent variable is individual log wages.
Column (1) and (2) use all observations, column (3) and (4) use skilled and unskilled obser-
vations respectively.
Data: pooled cross sectional data
Standard errors in parentheses are clustered at prefecture city level.
*** p<0.01, ** p<0.05, * p<0.1
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Table .5: Robustness check: The effect of changes in college share on individual wages
(1) (2) (3) (4) (5) (6)
VARIABLES all drop 1988 drop 1995 drop 2002 drop 2007 drop 2013
College Share 1.110*** 0.199 1.289*** 1.264*** 1.109*** 1.692**
(0.387) (0.482) (0.385) (0.426) (0.395) (0.841)
edu_yr 0.0548*** 0.0673*** 0.0580*** 0.0435*** 0.0538*** 0.0517***
(0.00237) (0.00266) (0.00293) (0.00269) (0.00244) (0.00249)
age 0.0845*** 0.0885*** 0.0775*** 0.0673*** 0.0943*** 0.0864***
(0.00811) (0.0115) (0.0102) (0.00878) (0.00840) (0.00827)
age2 -0.000941*** -0.00103*** -0.000863*** -0.000720*** -0.00104*** -0.000950***
(0.000107) (0.000151) (0.000131) (0.000121) (0.000110) (0.000107)
1.gender -0.214*** -0.269*** -0.230*** -0.185*** -0.201*** -0.197***
(0.0132) (0.0161) (0.0143) (0.0139) (0.0141) (0.0125)
Constant 1.936*** 3.624*** 2.040*** 2.357*** 1.708*** 1.811***
(0.181) (0.223) (0.217) (0.190) (0.192) (0.232)
Observations 29,403 21,060 22,812 22,188 25,918 25,634
R-squared 0.803 0.501 0.825 0.854 0.807 0.765
Number of city 65 65 65 65 65 65
Year Dummy YES YES YES YES YES YES
City Dummy YES YES YES YES YES YES
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Notes: Dependent variable is individual log wages.
Results are from the reduced form regressions.
Data: pooled cross sectional data from China Household Income Project.
Standard errors in parentheses are clustered at prefecture city level.
*** p<0.01, ** p<0.05, * p<0.1
Table .6: College share simulated for CHIP data from inter-census 2005
CHIP labor force labor force college share college enter
survey year age age in 2005 year
1988 28 - 48 45 - 65 0.136 1958 - 1978
1995 28 - 48 38 - 58 0.175 1965 - 1985
2002 28 - 48 31 - 51 0.232 1972 - 1992
2007 28 - 48 26 - 46 0.281 1977 - 1997
2013 28 - 48 20 - 40 0.347 1983 - 2003
Notes: Population with urban household registration are used.
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Table .7: Migration Rate of Different Cohorts
2005 2000
CHIP labor force labor force age migration rate migration rate labor force age migration rate migration rate migration rate
survey year age in 2005a across countyb across provincec in 2000a across countyb across provincec across cityd
1988 28 - 48 45 - 65 0.046 0.011 40 - 60 0.055 0.009 0.0101
1995 28 - 48 38 - 58 0.061 0.018 33 - 53 0.068 0.016 0.0111
2002 28 - 48 31 - 51 0.090 0.032
Notes:
a: Numbers in this column are the 2005 or 2000 corresponding ages of workers between 28
to 48 in each CHIP survey year.
b: Migration rate across county corresponds to the share of people whose Hukou registration
counties differ from their residential counties in 2005 or 2000.
c: Migration rate across province corresponds to the share of people whose long-term resi-
dential provinces five years ago differ from their residential provinces in 2005 or 2000.
d: Migration rate across county corresponds to the share of people whose Hukou registration
cities differ from their residential city in 2000.
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Figure .1: College Enrollment in China, 1977-2012
Data source: Ministry of Education of the People’s Republic of China
Figure .2: Distribution of college and non-college educated workers (whole population)
Data source: 2010 Population Census of China.
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Figure .3: College Enrollment in China, 1977-2012
Data source: Ministry of Education of the People’s Republic of China














year covered 2002, 2009
Notes: Standard deviations are in parenthe-
ses for continuous variables.
a: Log of annual wages
b: College share is computed using popula-
tion census data of 2000 and 2010
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Figure .4: Skilled Labor Share and Skill Premium, 1992-2009
Source: Li, Li and Ma (2016).
Note: Skilled labor is defined as people (aged between 16 and 60) with college degree or above
(15 years education or more). Skill labor share is defined as share of skilled workers among all
employed workers in urban China. People who are not in the labor force or remain unemployed are
not included. College premiums are calculated based on Mincer-style OLS regression, controlling
for gender, experience, experience square, ownership (state-owned firm, collective-owned firm or
private-owned firm), province and industry dummies.
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Figure .5: Correlation between average wage and college share across cities
Note: Regression adjusted average wage in a city is obtained by conditioning on individual age
gender and education. Source: 20% sample of inter-census 2005.
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Figure .6: Distribution of college and non-college educated workers for Qinghai and Tian-
jin
Data source: inter-census 2005 of China. The graphs show the distribution of population in the
labor markets of two urban cores–The urban core of Quighai province and the urban core of
Tianjin city–and the number of college educated workers for each age. Each line below the graphs,
represents a range of ages that translate into the workers between the ages of 28 and 48 for that
year. In other words, CS 2013 is the college share of workers between the ages of 20 and 40 who
will be between 28 and 48 in 2013. The college share of individuals between 28 to 48 years old for
each CHIP year is drawn from the corresponding age groups in 2005.
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Figure .7: Distribution of Migration in China 2005
Data source: inter-census 2005 of China.
Figure .8: Distribution of Migration in China 2000
Data source: census 2000 of China.
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Table .9: Quality of instruments of age structure in 1990 for college share 2000-2010
(1)
Changes in college share 2000-2010
share of young people between 16 and 25(Young Share) -0.58***
(0.15)
Young Share*Young Share 0.49***
(0.16)
share of old people between 61 and 70(Old Share) -1.31***
(0.51)
Old Share*Old Share 7.61***
(3.28)






Notes: Results of regressing the change in college share 2000-2010 at urban cores level on a constant and
variables in the left-most column using OLS. Number of observation is 134. The quadratic specification
for Young Share and Old Share implies that the marginal effect of Young Share and Old Share on the
change in college share would be negative for small values of Young Share and Old Share; for large
values the effect is positive.
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Table .10: Human capital spillovers from higher education at urban core level: constant-
composition approach 2000-2010
(1) (2) (3) (4)
Change in college share 1.598*** 1.705*** 3.280*** 3.594***
2010-2000 (∆ CS) (0.429) (0.461) (0.968) (1.093)
Log-change in aggregated 0.0197 0.00327
employment (∆ log L) (0.0786) (0.0822)
Constant 0.681*** 0.640*** 0.547*** 0.456***
(0.0391) (0.0559) (0.0796) (0.112)
Region Dummies NO YES NO YES
Observations 134 134 134 134
Notes: Constant-composition average wages constructed with married males.
Regressions in columns (1) and (2) are estimated by OLS and regressions in
columns (3) and (4) are estimated by 2SLS.
The dependent variable is the change of the log average wage holding skill-
composition constant over time.
Observation unit is city-year.
Standard errors in parentheses.
*** p<0.01, ** p<0.05, * p<0.1
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Table .11: Human capital spillovers by education level
Dep. Var: average wage (1) (2) (3)
holding skill composition constant
Log-change in aggregated 0.00327 -0.107 -0.0884
employment (∆ log L) (0.0822) (0.0941) (0.129)
Change in college share 3.594***
2010-2000 (∆ CS) (1.093)
Change in high school share -1.705***
2010-2000 (∆ HS) (0.627)
Change in primary school share 1.700
2010-2000 (∆ PS) (1.381)
Constant 0.456*** 0.831*** 0.995***
(0.112) (0.0345) (0.158)
Region Dummies YES YES YES
Observations 134 134 134
Notes: Constant-composition average wages constructed with married
males.
All regressions are estimated by 2SLS.
The dependent variable is the change of the log average wage holding skill-
composition constant over time.
Observation unit is city-year.
Standard errors in parentheses.
*** p<0.01, ** p<0.05, * p<0.1
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Table .12: Human capital spillovers: high vs. low population density
Dep. Var: average wage (1) (2)
holding skill composition constant (≧ 3000people/sq. km) (< 3000people/sq. km)
Change in college share 6.676*** -0.370
2010-2000 (∆ CS) (2.348) (1.558)
Log-change in aggregated 0.157 0.151
employment (∆ log L) (0.203) (0.120)
Constant -0.0623 0.805***
(0.347) (0.119)
Region Dummies YES YES
Observations 44 90
Notes: Constant-composition average wages constructed with married males.
All regressions are estimated by 2SLS.
The dependent variable is the change of the log average wage holding skill-composition constant
over time.
Observation unit is city-year.
Standard errors in parentheses.
*** p<0.01, ** p<0.05, * p<0.1
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Table .13: Summary Statistics
2000 2010
Mean Standard Deviation Mean Standard Deviation
Firm-specific variables
TFP 0.014 0.365 0.345 0.354
Human capital firmsa -0.009 0.584 -0.104 1.040
market share 0.058 0.140 0.038 0.110
Herfindahl-Hirschman Index 0.129 0.161 0.087 0.128
Log average capital of other firms 10.689 0.743 11.603 0.720
Log average capital of other firms per worker 4.602 0.502 5.266 0.565
Log average capital of other firms in 2 digit industry 9.571 1.497 10.528 1.446
Log average capital of other firms per worker in 2 digit industry 4.023 1.091 4.589 1.218
Average FDI weighted by capital share 0.057 0.183 0.056 0.190
Average FDI weighted by employment share 0.050 0.168 0.055 0.182
City-specific variables
College Share 0.026 0.021 0.066 0.042
Employment share of industrial sector 0.426 0.129 0.445 0.133
Log cargo (10,000 tons) 8.147 0.791 9.055 0.785
Green land per capita (m2) 23.790 30.920 43.266 55.505
Net number of department moved in 0.240 4.533 0.240 4.533
College enrollment rate 0.456 0.654 1.799 2.300
Population density (person / km2) 439.236 323.269 470.766 335.304
Notes: There are 19,276 firms observed in both 2001 and 2011. These firms are located in 233 Chinese
prefectural cities.
a: Firm human capital measured by log of ratio of firm wage to city-industry average
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Table .14: Estimates of Human Capital Spillovers Among Chinese Firms
(1) (2) (3) (4) (5)
College share 1.607*** 1.527*** 0.824*** 1.647*** 0.847***
(0.216) (0.309) (0.227) (0.269) (0.204)
Human capital firm 0.059*** 0.054*** 0.048*** 0.053*** 0.048***
(0.004) (0.005) (0.004) (0.005) (0.004)
market share 0.080** 0.098** 0.082** 0.122*** 0.131***
(0.033) (0.042) (0.035) (0.043) (0.037)
HHI -0.111*** -0.053 -0.025 -0.058 -0.042
(0.037) (0.040) (0.029) (0.040) (0.032)
Employment share -0.152*** -0.162** -0.131*** 0.054 -0.009
of industrial sector (0.044) (0.063) (0.049) (0.087) (0.064)
Log cargo 0.004 0.006 -0.006 0.018* 0.004
(0.009) (0.013) (0.009) (0.011) (0.007)
Observations 38,552 38,552 38,552 38,552 38,552
R-squared 0.217 0.697 0.796 0.700 0.820
City Effects YES
Firm Effects YES YES YES YES
Industry * Year Effect YES
Province * Year Effect YES
Industry * Province * Year Effect YES
There are 19,276 firms observed in both 2001 and 2011. These firms are located in 233 Chinese
prefectural cities.
Standard errors in parentheses, and they are clustered at city-year level.
*** p<0.01, ** p<0.05, * p<0.1.
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Table .15: Robustness Checks
(1)
Add population density 1.019***
(0.237)
Add ln average k outside firm 0.845***
(0.215)
Add ln average k per worker outside firm 0.900***
(0.214)
Add ln average k outside 2 digit industry 0.792***
(0.209)
Add ln average k per worker outside 2 digit industry 0.800***
(0.206)
Add FDI share 0.851***
weighted by capital-share in 2 digit industry (0.204)
Add FDI share 0.850***
weighted by employment-share in 2 digit industry (0.204)
Notes: There are 19,276 firms observed in both 2001 and 2011.
These firms are located in 233 Chinese prefectural cities.
Each entry is from a separate regression.
Standard errors in parentheses, and they are clustered at city-year level.
*** p<0.01, ** p<0.05, * p<0.1.
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Table .16: Alternative Specifications
(1) (2) (3) (4) (5)
Enrollment rate 0.015*** 0.015*** 0.009*** 0.015*** 0.009***
(0.002) (0.003) (0.002) (0.002) (0.002)
Human capital firm 0.059*** 0.053*** 0.047*** 0.053*** 0.048***
(0.004) (0.005) (0.004) (0.005) (0.004)
Market share 0.081** 0.104** 0.084** 0.125*** 0.132***
(0.033) (0.042) (0.035) (0.043) (0.038)
HHI -0.109*** -0.046 -0.023 -0.062 -0.049
(0.037) (0.041) (0.029) (0.040) (0.031)
Employment share -0.198*** -0.205*** -0.153*** 0.041 -0.011
of industrial sector (0.048) (0.068) (0.045) (0.083) (0.058)
Log cargo -0.010 -0.007 -0.013 0.019 0.005
(0.012) (0.016) (0.010) (0.013) (0.008)
Observations 38,552 38,552 38,552 38,552 38,552
R-squared 0.217 0.696 0.796 0.700 0.820
City Effects YES
Firm Effects YES YES YES YES
Industry X Year Effects YES
Province X Year Effects YES
Province X Industry YES
X Year Effects
There are 19,276 firms observed in both 2000 and 2011. These firms are located in 233 Chinese
prefectural cities.
The city-specific human capital is measured as the number of college enrollments per one hundred
people.
Standard errors in parentheses, and they are clustered at city-year level.
*** p<0.01, ** p<0.05, * p<0.1.
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Net N of dep. moved in 0.001**
(0.0005)
Green land per capita 0.0002***
(0.00007)
Second stage
∆ College share 1.698*** 2.270*** 2.118**
(0.317) (0.873) (0.933)
∆ HC firm 0.054*** 0.054*** 0.054***
(0.005) (0.005) (0.005)
∆ Market share 0.098** 0.095** 0.096**
(0.042) (0.042) (0.043)
∆ HHI -0.063 -0.075 -0.072*
(0.041) (0.046) (0.043)
∆ Employment share of industrial sector -0.001 -0.000 -0.000
(0.001) (0.001) (0.001)
∆ Log cargo 0.006 0.012 0.011
(0.013) (0.015) (0.017)
Constant 0.263*** 0.234*** 0.242***
(0.021) (0.046) (0.050)
Observations 19,276 19,276 19,276
R-squared 0.025 0.024 0.024
Changes in college share are instrumented by number of net departments moved in and green
land per capita (square meters) in column (2) and (3) respectively.
Standard errors are in parentheses.
*** p<0.01, ** p<0.05, * p<0.1
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Table .18: Validation of instrumental variable using 2000 data
(1) (2) (3) (4) (5) (6)
log per capita Infrastructure Investment log per capita GDP
N of dep. moved in 0.047*** 0.041***
(0.010) (0.008)
N of dep. moved out 0.074*** 0.057***
(0.012) (0.010)
Net N of dep. moved in -0.002 0.004
(0.011) (0.010)
Constant 7.384*** 8.121*** 8.741*** 8.881*** 9.561*** 9.944***
(0.687) (0.616) (0.705) (0.579) (0.528) (0.594)
Observations 233 233 233 233 233 233
R-squared 0.477 0.513 0.416 0.432 0.452 0.364
Province Effects YES YES YES YES YES YES
Standard errors are in parentheses.
*** p<0.01, ** p<0.05, * p<0.1
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Table .19: Validation of instrumental variable using 2010 data
(1) (2) (3) (4) (5) (6)
log per capita Infrastructure Investment log per capita GDP
N of dep. moved in 0.041*** 0.041***
(0.008) (0.008)
N of dep. moved out 0.053*** 0.052***
(0.010) (0.010)
Net N of dep. moved in 0.007 0.008
(0.010) (0.010)
Constant 9.532*** 10.260*** 10.536*** 10.469*** 11.210*** 11.460***
(0.587) (0.542) (0.602) (0.591) (0.547) (0.606)
Observations 233 233 233 233 233 233
R-squared 0.351 0.358 0.275 0.419 0.422 0.351
Province Effects YES YES YES YES YES YES
Standard errors are in parentheses.
*** p<0.01, ** p<0.05, * p<0.1
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Table .20: Validation of instrumental variable using changes between 2000 and 2010
(1) (2) (3) (4) (5) (6)
log per capita Infrastructure Investment log per capita GDP
N of dep. moved in -0.006 0.001
(0.006) (0.004)
N of dep. out -0.020*** -0.005
(0.007) (0.004)
Net N of dep. moved in 0.009 0.005
(0.007) (0.004)
Constant 2.149*** 2.139*** 1.795*** 1.589*** 1.649*** 1.516***
(0.420) (0.384) (0.407) (0.247) (0.229) (0.239)
Observations 233 233 233 233 233 233
R-squared 0.646 0.658 0.648 0.464 0.467 0.468
Province Effects YES YES YES YES YES YES
Standard errors are in parentheses.
*** p<0.01, ** p<0.05, * p<0.1
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Table .21: Heterogeneity of human capital spillovers across city size and city density (cities classified by entire population)
(1) (2) (3) (4)
Small cities Big cities Less dense cities Denser cities
∆ College share 0.645 2.650*** 0.921 2.675***
(1.326) (0.526) (1.536) (0.334)
∆ HC firm 0.045*** 0.060*** 0.052*** 0.055***
(0.004) (0.004) (0.004) (0.004)
∆ market share 0.054 0.199*** 0.074* 0.138**
(0.040) (0.062) (0.042) (0.060)
∆ HHI -0.007 -0.138*** 0.013 -0.164***
(0.038) (0.044) (0.037) (0.042)
∆ employment share of industrial sector -0.000 -0.001* -0.000 -0.001
(0.000) (0.001) (0.001) (0.001)
∆ log cargo 0.017 0.029 -0.001 0.019*
(0.014) (0.018) (0.017) (0.010)
Constant 0.293*** 0.194*** 0.312*** 0.193***
(0.033) (0.038) (0.062) (0.021)
Observations 8,113 11,163 8,679 10,597
R-squared 0.017 0.030 0.019 0.035
Notes: There are 19,276 firms observed in both 2001 and 2011. These firms are located in 233 Chinese prefectural cities.
In column 1 and 2, cities are grouped as small or big cities according to the cutoff of 5.7 millions which is the median size
of prefectural cities. Both rural and urban population are considered when constructing the cutoff point.
In column 3 and 4, cities are grouped as less dense or denser cities according to the cutoff of 650 people per square
kilometer which is the median population density of the prefectural cities. Both rural and urban population are considered
when constructing the cutoff point.
Standard errors are in parentheses.
*** p<0.01, ** p<0.05, * p<0.1
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Table .22: Heterogeneity of human capital spillovers across city size and city density (cities classified by metropolitan population only)
(1) (2) (3) (4)
Small cities Big cities Less dense cities Denser cities
∆ College share -2.486 2.946*** 1.205 2.778***
(2.369) (0.606) (1.081) (0.409)
∆ HC firm 0.046*** 0.057*** 0.049*** 0.058***
(0.005) (0.004) (0.004) (0.004)
∆ market share 0.089** 0.116* 0.088** 0.120**
(0.040) (0.059) (0.043) (0.056)
∆ HHI -0.008 -0.133*** -0.079** -0.056
(0.037) (0.042) (0.039) (0.042)
∆ employment share industrial sector 0.001 -0.001* -0.001 -0.001
(0.001) (0.001) (0.000) (0.001)
∆ log cargo 0.008 0.031** -0.032** 0.056***
(0.011) (0.013) (0.016) (0.010)
Constant 0.373*** 0.173*** 0.316*** 0.170***
(0.053) (0.039) (0.049) (0.023)
Observations 6,732 12,544 9,679 9,597
R-squared 0.006 0.029 0.022 0.029
Notes: There are 19,276 firms observed in both 2001 and 2011. These firms are located in 233 Chinese prefectural cities.
In column 1 and 2, cities are grouped as small or big cities according to the cutoff of 1.5 millions which is the median
size of prefectural cities. Only urban population is considered when constructing the cutoff point.
In column 3 and 4, cities are grouped as less dense or denser cities according to the cutoff of 1200 people per square
kilometer which is the median population density of the prefectural cities. Only urban population is considered when
constructing the cutoff point.
Standard errors are in parentheses.
*** p<0.01, ** p<0.05, * p<0.1
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Table .23: Heterogeneity of Human Capital Spillovers: state owned firms vs. private
owned firms
(1) (2)
VARIABLES State firms private firms
∆ College share 1.107 3.071***
(0.779) (0.440)
∆ HC firm 0.050*** 0.054***
(0.006) (0.003)
∆ market share 0.039 0.151***
(0.056) (0.043)
∆ HHI 0.001 -0.119***
(0.052) (0.033)
∆ employment share of industrial sector -0.001 0.000
(0.001) (0.000)






Notes: There are 19,276 firms observed in both 2001 and 2011. These firms are located
in 233 Chinese prefectural cities.
Standard errors clustered at city level are in parentheses.
*** p<0.01, ** p<0.05, * p<0.1
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Figure .9: The Quantity of University Departments Moved In
Source: Glaeser and Lu 2018
Figure .10: The Quantity of University Departments Moved Out
Source: Glaeser and Lu 2018
100
Figure .11: The Net Number of University Departments Moved In
Source: Glaeser and Lu 2018
101
Bibliography
Acemoglu, Daron and Joshua Angrist, “How Large Are Human-Capital Ex-
ternalities? Evidence from Compulsory Schooling Laws,” NBER Macroeconomics
Annual, 2001, 15, 9–59.
Amsden, Alice H., Liu Dongyi, and Zhang Xiaoming, “China’s macroe-
conomy, environment, and alternative transition model,” World Development,
February 1996, 24 (2), 273–286.
Arayama, Yuko and Katsuya Miyoshi, “Regional Diversity and Sources of
Economic Growth in China,” The World Economy, November 2004, 27 (10), 1583–
1607.
Brandt, Loren, Johannes Van Biesebroeck, and Yifan Zhang, “Creative
accounting or creative destruction? Firm-level productivity growth in Chinese
manufacturing,” Journal of Development Economics, March 2012, 97 (2), 339–
351.
, , Luhang Wang, and Yifan Zhang, “WTO Accession and Performance
of Chinese Manufacturing Firms,” American Economic Review, September 2017,
107 (9), 2784–2820.
Card, David, “Using Geographic Variation in College Proximity to Estimate the
Return to Schooling,” Working Paper 4483, National Bureau of Economic Re-
search October 1993.
Carnoy, Martin, Prashant Loyalka, and Isak Froumin, “University Expan-
sion in the BRIC Countries and the Global Information Economy,” Change: The
Magazine of Higher Learning, 2013, 45 ((4)), 36–43.
Chang, Ching-Fu, Ping Wang, and Jin-Tan Liu, “Knowledge spillovers, hu-
man capital and productivity,” Journal of Macroeconomics, March 2016, 47 (Part
B), 214–232.
Chow, Gregory C., “Capital Formation and Economic Growth in China,” The
Quarterly Journal of Economics, 1993, 108 (3), 809–842.
102
Ciccone, Antonio and Giovanni Peri, “Identifying Human-Capital Externali-
ties: Theory with Applications,” The Review of Economic Studies, April 2006, 73
(2), 381–412.
Ellison, Glenn and Edward Glaeser, “Geographic Concentration in U.S. Man-
ufacturing Industries: A Dartboard Approach,” Journal of Political Economy,
1997, 105 (5), 889–927.
Fan, Wen, Ma Yuanyuan, and Liming Wang, “Estimating the External Re-
turns to Education: Evidence from China,” IZA working paper, 2015.
Glaeser, Edward L and Ming Lu, “HumanCapital Externalities in China,”
Working Paper 24925, National Bureau of Economic Research August 2018.
He, Zi-Lin, Tony W. Tong, Yuchen Zhang, and Wenlong He, “A database
linking Chinese patents to China’s census firms,” Scientific Data, March 2018, 5,
180042.
Jovanovic, Boyan and Rafael Rob, “The Growth and Diffusion of Knowledge,”
Review of Economic Studies, 1989, 56 (4), 569–582.
Liang, Yunling, Zhiqiang Liu, and Li Haizheng, “Identifying Human Capital
Externality: Evidence from China,” Journal of Management Science and Engi-
neering, 2016, 1 (1), 75–93.
Liu, Zhiqiang, “The external returns to education: Evidence from Chinese cities,”
Journal of Urban Economics, May 2007, 61 (3), 542–564.
, “Human capital externalities in cities: evidence from Chinese manufacturing
firms,” Journal of Economic Geography, May 2014, 14 (3), 621–649.
Lochner, Lance and Enrico Moretti, “The Effect of Education on Crime: Evi-
dence from Prison Inmates, Arrests, and Self-Reports,” American Economic Re-
view, March 2004, 94 (1), 155–189.
Loecker, Jan De and Frederic Warzynski, “Markups and Firm-Level Export
Status,” American Economic Review, May 2012, 102 (6), 2437–2471.
Lucas, Robert E., “On the mechanics of economic development,” Journal of Mon-
etary Economics, July 1988, 22 (1), 3–42.
Marshall, Alfred, Principles of Economics, London: Macmillan and Co., Ltd.,
1890.
Moretti, Enrico, “Chapter 51 - Human Capital Externalities in Cities,” in J. Ver-
non Henderson and Jacques-François Thisse, eds., Handbook of Regional and Ur-
ban Economics, Vol. 4 of Cities and Geography, Elsevier, January 2004, pp. 2243–
2291. DOI: 10.1016/S1574-0080(04)80008-7.
103
, “Estimating the social return to higher education: evidence from longitudinal
and repeated cross-sectional data,” Journal of Econometrics, July 2004, 121 (1),
175–212.
, “Workers’ Education, Spillovers, and Productivity: Evidence from Plant-Level
Production Functions,” American Economic Review, June 2004, 94 (3), 656–690.
Rauch, James E., “Productivity Gains from Geographic Concentration of Human
Capital: Evidence from the Cities,” Journal of Urban Economics, November 1993,
34 (3), 380–400.
Romer, Paul M., “Endogenous Technological Change,” Journal of Political Econ-
omy, 1990, 98 (5), S71–S102.
Rosenthal, Stuart S. and William C. Strange, “The attenuation of human
capital spillovers,” Journal of Urban Economics, September 2008, 64 (2), 373–
389.
Solow, Robert M., “A Contribution to the Theory of Economic Growth,” The
Quarterly Journal of Economics, February 1956, 70 (1), 65–94.
104
